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Abstract 

Earthquake early warning systems (EEW) are valuable tools for minimising the impact of 

seismic events on communities and infrastructure. While some countries, like Japan, Taiwan, 

South Korea, Mexico, and the United States, have successfully implemented EEW systems, 

New Zealand has yet to establish a national EEW system. This thesis explores/evaluates a 

potential EEW algorithm for a national EEW system for New Zealand.  

PLUM (Propagation of Local Undamped Motion) is a ground motion based EEW algorithm that 

offers several advantages over point source and finite fault EEW algorithms due to its 

robustness, speed, and simplicity. It does not rely on an earthquake source model, making it 

less computationally expensive. The PLUM algorithm has been successfully implemented in 

Japan and tested on United States West Coast data.  

To evaluate the PLUM algorithm's performance and usability in the New Zealand context, it 

is necessary to test it using a range of earthquakes that could happen over the next century. 

Because there is insufficient recorded data from past damaging earthquakes, we used a 

220000-year-long physics-based synthetic earthquake catalogue of New Zealand and 

generated synthetic seismograms using a ground motion simulator. We also analysed the 

latency of the current New Zealand GeoNet sensor network since the latency reduces the 

warning time of alerts. 

We focused our evaluation on the Canterbury and Wellington regions. The Canterbury region 

has experienced several damaging earthquakes in the past 15 years, and a dense network of 

seismic instruments monitors part of it. The Wellington region is affected by a very complex 

set of faults, is considered very earthquake-prone and has a population centre adjacent to 

Cook Strait. The algorithm was tested for the Canterbury and Wellington regions in terms of 

alert correctness and timeliness, algorithm configuration settings, and the impact of some 

sensor failures. 

The results showed that the PLUM algorithm works well in highly populated areas of 

Canterbury, but not as effectively in some southern parts of Wellington, due to the lack of 

stations in Cook Strait to provide warnings for earthquakes centred south of Wellington. 
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However, it does not perform well in rural areas of either region because the sensor density 

is too low, even with an increased warning radius.  

For the highly populated areas of Canterbury, PLUM could provide Correct Timely Alerts 

(warning time > 0 sec) for more than 90% of the expected shakings in a 100-year interval. 

Low-populated regions with a low density of sensors received fewer Correct Timely Alerts. 

The most populated areas of Wellington could also receive more than 70% Correct Timely 

Alerts. However, PLUM also generated a large number of precautionary alerts (an alert is 

received, but only weak shaking is felt), which would need to be addressed. The results 

suggested an appropriate choice of PLUM warning radius in the New Zealand context would 

be more than the original 30 km radius designed for the Japan context. The analysis also 

demonstrates the robustness of the algorithm under simulated sensor or communication 

breakdowns, particularly in regions with high sensor density. 

The thesis shows that PLUM could be a valuable component of a New Zealand EEW system, 

and the results will be beneficial for designing future earthquake early warning systems for 

New Zealand. The testing framework in the thesis would also be useful for testing the 

suitability of earthquake early warning algorithms using synthetic earthquake catalogues. 
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Chapter 1  Introduction 

Aotearoa New Zealand sits on the boundary of the Pacific and Australian tectonic plates, 

making it part of the Pacific ‘Ring of Fire’, a region known for its high volcanic and seismic 

activity. It is vulnerable to frequent earthquakes. The recent 2011 Christchurch earthquake 

caused widespread damage and killed 185 people (Potter et al., 2015). It is identified as New 

Zealand’s fifth-deadliest natural disaster (Brake, 2018). The 1931 Hawke’s Bay earthquake and 

1820’s Southland tsunami are identified as the second and third deadliest disasters, 

respectively (Hill, 2016; Worldatlas, 2021).  

The Canterbury earthquake sequence (Townend, Villamor, & Quigley, 2012; Quigley et al., 

2016), which consists of the Darfield earthquake (Mw 7.1) in September 2010, the 

Christchurch earthquake (Mw 6.2) in February 2011, and many aftershocks, is the largest 

insured event in New Zealand. Additionally, it was the fourth most expensive insured global 

natural disaster at the time (Insurance Council of New Zealand, n.d.). The earthquake 

sequence consumed more than 15% of New Zealand's GDP (Berryman, 2012). The 2016 

Kaikōura earthquake (Mw 7.8) caused major damage to the Kaikōura coast and also damaged 

buildings in Wellington (Kaiser et al., 2017a; Cubrinovski et al., 2020). 

Although earthquakes are not yet predictable, rapidly detecting and analysing the earthquake 

ground shaking and issuing an alert to regions before the shaking has reached them is one 

way of mitigating some of the risks of earthquakes (Satriano, Wu, et al., 2011). Such alerts, 

even when there are only a few seconds of warning time, can enable people to take 

precautionary actions that will reduce injury and fatalities, and may enable automated actions 

in buildings and other infrastructure that reduce damage (Strauss & Allen, 2016; 

Papadopoulos et al., 2023). Currently, earthquake early warning (EEW) systems have been 

implemented in several countries (Allen & Melgar, 2019), including Japan (Kodera et al., 

2021), Taiwan (Wu et al., 2021), South Korea (Sheen et al., 2017), Mexico (Suárez, 2022) and 

the US West Coast ((Lux et al., 2024).  

In New Zealand, GeoNet (the geological hazard monitoring system of New Zealand) issues an 

earthquake notification within a few minutes of an earthquake’s occurrence based on an 

automatic and very preliminary determined location, magnitude and depth. GeoNet delivers 
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earthquake information to the public via a mobile application and a website (GNS Science, 

2024b). However, New Zealand has no official public earthquake early warning (EEW) system 

(Vinnell et al., 2023). Therefore, New Zealanders are interested in a nationally integrated 

earthquake early warning system (Becker et al., 2020a). 

Currently, in New Zealand, a few EEW systems are in operation or testing, with limited access, 

including the Android Earthquake Alert System (AEA). Google deployed an experimental AEA 

system in New Zealand in April 2021 and it is providing alerts to Android users only (Vinnell 

et al., 2023). The AEA system relies on accelerometers in Android phones to detect 

earthquakes (Vinnell et al., 2023) and operates independently of GeoNet or New Zealand 

government systems (Tan, Leonard, & Johnston, 2021). Tan et al. (2021) emphasise that the 

AEA should not be confused with alerts issued by New Zealand civil defence authorities and 

highlight the need for public education on EEW alerts. 

Prasanna et al. (2022) introduced a low-cost EEW system using a Raspberry Shake sensor 

network and deployed a citizen science network experimentally in Wellington, New Zealand. 

This cost-effective solution addresses the economic challenge of limited high-end sensor 

density in New Zealand. Chandrakumar et al. (2024, 2025) explore advancements in low-cost 

EEW systems using that network. The 2024 study focuses on integrating node-level processing 

with the PLUM algorithm while the 2025 study evaluates the performance of P-wave 

detection algorithms for that community-based EEW system. Successful EEW systems, such 

as the ones used in Japan and Southern California, use different EEW algorithms and 

strategies (Allen & Melgar, 2019). Different algorithms have different strengths and 

weaknesses (Cremen & Galasso, 2020). Each algorithm depends on particular properties of 

the sensor networks, so an algorithm that works well in one country, for example Japan, with 

its very dense network of sensors (Kodera et al., 2021), may not work as well in other 

countries with different sensor networks and properties. Therefore, an EEW system cannot 

be simply copied from one country to another. This thesis explores and evaluates one of the 

EEW algorithms —PLUM (Propagation of Local Undamped Motion) (Kodera et al., 2021),  —

in the New Zealand context to evaluate its strengths and limitations if it were used as part of 

a New Zealand EEW system.  
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An important component of the NZ context is the GeoNet sensor network, so understanding 

the network and identifying its limitations is a critical part of this research. The thesis will 

explore some relevant features of this network. Evaluating an EEW algorithm requires 

earthquake data. Recorded data of past earthquakes are helpful, but are also very limited. 

Using synthetic data allows a more comprehensive analysis that considers likely earthquake 

risk for the near-term future. The thesis will use a large catalogue of synthetic NZ earthquake 

data (Shaw et al., 2022) for the evaluation and discuss how the earthquakes are simulated for 

this research. The thesis will also identify a set of metrics for evaluating an EEW algorithm 

that would allow stakeholders such as the National Emergency Management Agency (NEMA) 

and the Natural Hazards Commission to make informed decisions whether or not to use the 

PLUM algorithm in NZ. For example, to evaluate any warnings, we need to decide how to 

determine whether a warning was on time or not, whether it was a correct alert or a false 

alarm, and whether there was a missing alert for an event. Finally, the thesis presents the 

effectiveness of the PLUM EEW algorithm for the Canterbury and Wellington regions for 

possible future events using the generated synthetic seismograms. This is a novel approach 

as this evaluates an EEW algorithm using a physics-based synthetic earthquake catalogue, 

which will be useful in designing EEW systems for locations that lack enough historical 

records. 

This research is part of the Resilience to Nature’s Challenges (RNC2): Earthquake and Tsunami 

Programme, funded by the Ministry of Business, Innovation and Employment, New Zealand. 

The programme’s aim is to improve the earthquake and tsunami resilience of New Zealand 

communities through innovative earthquake science.  

Before starting the work for this thesis, the author worked on the low-cost EEW project 

mentioned above with A/Prof Raj Prasanna at Massey University and Dr Caroline Holden at 

SeismoCity/VUW, exploring low-cost Earthquake Early Warning systems. The work the author 

did for that project was published in Prasanna et al. (2022), but is not part of this thesis. 

1.1 Research goals and objectives 

The thesis addresses the following research goals:  
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1. Develop and demonstrate a methodology for evaluating earthquake early warning 

(EEW) performance under a wide range of possible future earthquake scenarios in 

New Zealand using a synthetic earthquake catalogue. 

2.   Evaluate the performance of an EEW algorithm in the New Zealand context, and 

identify its strengths and limitations as a component of a public EEW system for 

New Zealand based on the current GeoNet sensor network 

In order to achieve these goals, the thesis addressed the following objectives: 

1. Research existing EEW algorithms and their suitability for New Zealand and 

choose an appropriate algorithm for evaluating EEW performance using a 

synthetic earthquake catalogue. 

2. Determine and evaluate the current GeoNet sensor network capabilities and 

limitations (e.g., communication latency, and sensor distribution) in relation to 

an EEW system. 

3. Check the appropriateness of, and find appropriate parameters for, an 

earthquake ground motion simulator for the NZ environment. 

4. Use the simulator to generate synthetic seismograms for a large number of 

potential earthquakes for at least two regions of New Zealand. 

5. Quantify the effectiveness of the chosen EEW algorithm using appropriate 

performance metrics in the New Zealand context. 

1.2 Organisation of the thesis 

The rest of the thesis is organised as follows: Chapter 2 describes methods used in state-of-

the-art EEW systems, the EXSIM earthquake simulator and the New Zealand synthetic 

earthquake catalogue. Chapter 3 presents several preparatory experiments and analyses to 

address objectives 1, 2 and 3. Chapters 4 and 5 present an evaluation of the PLUM algorithm 

in the Canterbury region and in the Wellington region to address objectives 4 and 5. Chapter 

6 concludes the thesis with a summary of the results of the analyses, recommendations for a 

future EEW system, and future work building on the results of the thesis. 

Note: When the thesis uses the word “we”, it is referring to the work of the author, with input 

and suggestions from the supervisors.
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Chapter 2  Background and Literature 

Review 

This chapter gives an overview of the existing body of research relevant to the proposed 

thesis. It discusses state-of-the-art international earthquake early warning systems and 

algorithms and the New Zealand context for EEW and outlines the EXSIM ground motion 

simulator and the New Zealand (RNC2) synthetic earthquake catalogue. 

2.1 New Zealand context for an EEW system  

New Zealand’s geological, geographical, technological, and socio-economic factors offer a 

complex and unique environment for EEW. It is located along the edge of two tectonic plates 

Australian and Pacific, and experiences a wide range of seismic activities including shallow 

crustal earthquakes, deep subduction earthquakes and interface earthquakes in subduction 

zones (Gerstenberger et al., 2024). The two long and narrow main islands, North and South, 

separated by Cook Strait provides additional uniqueness including the ways seismic waves 

can travel and how alerts are best distributed. High geological variability (Ballance, 2017) 

including diverse ground conditions (Perrin et al., 2015) should be considered when tailoring 

an EEW system for NZ. Different soil types, faults, and regional seismic characteristics can 

affect seismic wave propagation (Kaiser et al., 2024) and can influence both detection and 

warning accuracy and effectiveness. Population distribution is another key factor as the 

population of NZ is concentrated in a few big cities, especially Auckland, Wellington and 

Christchurch and each city has a different geological environment. While New Zealand has 

good telecommunication coverage in urban areas, rural and remote regions are less well 

served, which is another challenge for EEW effectiveness. The existing GeoNet sensor network 

provides the foundation for an EEW system; however, the high cost of expanding sensor 

density would be a challenge in developing a network as dense as Japan’s where an EEW 

system has been successfully implemented. It would be difficult to justify the investment at a 

similar level of sensor network as Japan due to New Zealand’s small population and 

geographical spread compared to Japan, given the country's economic constraints. 
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Additionally, social factors should be considered while developing an EEW system, which will 

be different in New Zealand from other countries. These unique characteristics necessitate 

consideration for EEW implementation to balance technological advancements with the 

country’s specific seismic, geographic and socio-economic challenges.  

The two organisations that would be key to a national EEW system for New Zealand are the 

National Emergency Management Agency (NEMA) and GNS Science, which runs the GeoNet 

project. Other important organisations include the Civil Defence Emergency Management 

Groups (CDEM), and other emergency service providers (such as Fire and Emergency New 

Zealand and NZ Police). 

According to the Civil Defence Emergency Management Act 2002 (CDEM, 2002) and National 

Civil Defence Emergency Management Plan 2015 (Mateparae, 2015), NEMA has the authority 

to issue earthquake or tsunami warnings and advisories via the national warning system. The 

national warning system is used to disseminate all hazard situations in New Zealand and 

Figure 2-1 illustrates its structure for earthquake and tsunami events (NEMA, 2020a; 2020b). 

The New Zealand Emergency Mobile Alert service (Stuart-Black, 2021) is used to disseminate 

national warning messages as appropriate (NEMA, 2021). 
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Figure 2-1 The National Warning System for Earthquakes and Tsunami 

GNS Science operates the GeoNet programme, which manages the New Zealand geo-hazard 

sensor network (Petersen et al., 2011), and GNS Science is the lead monitoring and detection 

agency for earthquake information. Just after any earthquake event, GNS Science, via the 

GeoNet project, provides earthquake monitoring information to subscribers and the general 

public using the GeoNet website, smartphone apps, emails, and an RSS (a protocol for 

delivering regular updates to subscribers) feed. According to the National Civil Defence 

Emergency Management Plan, GNS Science must report an earthquake event to NEMA within 

five minutes of the event. After analysing the report, NEMA may decide to issue an advisory 

through the national warning system. Currently, GeoNet does not provide any early warning 

for earthquakes, and information is provided to stakeholders to help them manage post-

event situations (Mateparae, 2015). 

Future early warning systems should facilitate the requirements of a range of end-users, 

including rapid responders, industry, national agencies and the general public. Becker et al. 

(2020a) presented a sectoral analysis of the perceived benefits and challenges of a New 

Zealand EEW system. According to that research, requirements differ between sectors, but a 
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national earthquake early warning system could be beneficial to the general public of New 

Zealand. According to findings from a survey of 3,084 people (Becker et al., 2020b), 97% 

believed an EEW system would be useful or somewhat useful. 51% of them indicated the 

preferred threshold level to receive an alert as moderate shaking and 25% wished to receive 

an alert if the shaking intensity is strong or above. However, other end-users may have 

different requirements specific to their role, such as warnings for automated actions in large 

buildings, industrial plants, or major infrastructure. For example, both the US West Coast 

ShakeAlert System (Kohler et al., 2017) and the Japan EEW system (Yamasaki, 2012) use two 

types of alerts: one to the general public and one to expert users. Accordingly, the general 

public will receive the alert with limited essential information and only for significant events. 

Institutes, rapid responders, and industry will also obtain customised alerts. Becker et al. 

(2020b), found that requirements were also related to their geographical locations and 

experiences of past earthquakes. For example: varying threshold levels to warn were 

suggested by the emergency management sector such as MMI 5-7 for Napier; MMI 6 for 

Auckland; MMI 4-5 for Wellington; MMI 4-6 for Christchurch.  

Google Android Earthquake Alert has been issuing alerts to Android mobile phone users of 

New Zealand since April 2021. However, the Google AEA is not endorsed by NEMA. Tan et al. 

(2023) conducted a study to understand whether the New Zealand public would continue to 

use the Android EEW. This study highlighted potential confusion among users about the 

source of the alerts and raised questions about responsibility and liability for the EEW system. 

There is very little information available about the Google algorithm or the performance of 

the NZ Android EEW.  

Vinnell et al. (2023) surveyed 3,150 New Zealanders after two widely received AEA for 

Magnitude 5.3 and 5.9 earthquakes in October 2021 to assess public knowledge, perceptions, 

and responses. The vast majority of participants found the alert useful or somewhat useful, 

consistent with Becker et al. (2020b) previous survey findings. Vinnell et al. (2023) highlight 

the need to tailor EEW to New Zealand’s unique seismic profile, population density, and prior 

earthquake experience. They mention that setting the threshold too low could lead to 

warning fatigue, reducing public responsiveness. The information provided in alerts should 

also be relevant to New Zealand. For example, the Google AEA issued to NZ includes safety 

tips that may not be relevant, such as prioritizing cleaning up spilled medicine over moving to 
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higher ground in case of a tsunami. This indicates the importance of adapting EEW systems 

to local contexts. 

In addition to us there are two other research groups working on earthquake early warning 

algorithms in New Zealand. The GNS Science Rapid Characterisation of Earthquake and 

Tsunami (RCET) programme group is exploring the adaptation of the FinDer algorithm as a 

tool for earthquake response in New Zealand (Andrews et al., 2024). The CRISiSLab group at 

Massey University is exploring the use of low-cost sensors (e.g., Raspberry shake) to issue 

EEW in New Zealand and testing the PLUM algorithm on these sensors (Prasanna et al., 2022; 

Chandrakumar et al. (2024); Chandrakumar et al. (2025). 

2.2 Earthquake early warning algorithms 

The available earthquake early warning algorithms can be classified into four main types: 

point source, finite fault, ground motion and on-site algorithms. 

2.2.1 Point source algorithms 

The earthquake source is represented as a simple point in space for point source algorithms. 

The algorithms use a few seconds of P-wave data from a small number of stations near the 

epicentre to determine an earthquake location, time, and magnitude (Allen & Melgar, 2019). 

Point source methods are among the fastest EEW techniques because they use the earliest 

seismic arrivals (P-waves) and require only short data windows. The four main steps of the 

point source method are (Satriano, Wu, et al., 2011): 

• detecting an earthquake event and determining the location. 

• estimating the magnitude of the event. 

• predicting the ground motion for the target sites. 

• delivering the alert. 

The algorithms require data from at least two stations, and the accuracy of location and 

magnitude estimation is improved when data comes from more stations (Allen & Kanamori, 

2003). These algorithms use 0.5 to 5 seconds of P-wave data (Allen & Melgar, 2019). Satriano, 

Wu, et al. (2011) state that magnitude estimation is more complex than event detection and 

localisation. After determining the location and magnitude, ground motion prediction 
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equations (GMPE) are used to predict the shaking intensities for the target area. Then the 

system can deliver an alert to the interested parties. However, the final outcome will depend 

on the ambiguities of the characterisation of location, magnitude and peak ground motion 

prediction (Satriano, Wu et al., 2011). A limitation of this approach is that the algorithm will 

be saturated for large earthquakes, typically magnitude greater than 7 (Kanamori, 2005; Zollo 

et al., 2006). For an example, the 2011 M 9.0 Tohoku-Oki earthquake was underestimated by 

point source EEW (Colombelli et al., 2012). Such saturation is likely caused by relying on only 

a few seconds (up to 5 seconds) of the P-wave, which is insufficient to capture the full rupture 

process of a large earthquake (Rydelek et al., 2007; Festa et al., 2008). Colombelli et al. (2012) 

suggested progressively expanding the P-wave time window as a solution to this saturation 

issue. However, Trugman et al. (2019) indicates that it is challenging to detect the full rupture 

process and respective magnitude in real-time. Therefore, using predictions from a saturation 

model, Trugman et al. (2019) developed a Bayesian framework to estimate posterior 

uncertainties in real-time magnitude assessments. However, ground motion prediction using 

a point-source rather than an extended rupture is still challenging. The relationship between 

P wave peak displacement and earthquake magnitude was explored by Trugman et al. (2019) 

using a large dataset of M4.5–9.0 earthquakes recorded by the Japanese strong-motion 

networks. The time evolution of P wave peak displacement in this dataset shows a clear 

pattern of initial growth, which does not align with deterministic models of earthquake 

rupture. 

There are several point source algorithms available in the literature, including Earthquake 

Alert Systems (ElarmS), (Allen & Kanamori, 2003), Earthquake Point-Source Integrated Code 

(EPIC) (Chung, Henson, & Allen, 2019) and Probabilistic and Evolutionary Early Warning 

(PRESTo) algorithms (Satriano, Elia, et al., 2011). 

ElarmS algorithm 

The ElarmS algorithm needs data from three or more stations to deduce the location and 

magnitude of the earthquake. It uses a short-term-average/long-term-average (STA/LTA) 

algorithm, which needs 4 seconds of P wave data to estimate the magnitude properly for 

events higher than magnitude 4.5. Several versions of the algorithm have been tested in 

California, Oregon, Washington, the Pacific Northwest of the United States and South Korea 
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(Allen et al., 2009; Allen & Melgar, 2019). The algorithm was also tested using Japan, Taiwan, 

Italy, and Alaska seismic data. In Southern California, where the station spacing is about 50 

km, ElarmS is capable of issuing a warning within 30 s (average 14.9 s) depending on the 

threshold (Wurman, Allen, & Lombard, 2007).  

ElarmS-2 is an improved version of the algorithm that includes new features: a new waveform 

processor module and a feature preventing false alerts due to teleseismic events (Serdar 

Kuyuk et al., 2014). 

It has been further improved to ElarmS-3 and it was used by the ShakeAlert EEW system of 

the U.S. West Coast. ElarmS-3 is capable of preventing false alerts from other ElarmS 

algorithms by introducing new trigger filters, such as an amplitude-based check and a 

horizontal-to-vertical ratio check (Chung et al., 2019). 

EPIC algorithm 

The EPIC algorithm has been developed by further improving the ElarmS-3 by introducing a 

filtering mechanism to suit different data sampling rates (Chung et al., 2019; Kohler et al., 

2020). 

Elarms-3 uses the same filter coefficient for all sampling frequencies. EPIC’s filter coefficients 

are based on the observed frequencies and remove the average amplitude calculated using 

the previous 60 seconds of the data from each sample. According to the test results for the 

ShakeAlert system, EPIC has the capability of producing an alert with 3, 6 and 9 seconds 

warning times for locations 20, 30, and 40 km from an epicentre, respectively (Chung et al., 

2019). However, sparse station coverage can challenge ShakeAlert, as the EPIC algorithm 

requires P-wave triggers from at least 40% of stations within the radius of the farthest trigger 

to issue an alert, with a minimum of four triggering stations (Lux et al., 2024). 

PRESTo algorithm 

PRobabilistic and Evolutionary early warning SysTem (PRESTo) uses a probabilistic approach 

to estimate earthquake location and magnitude from three or more stations. It can determine 

the approximate location and magnitude within five to six seconds. The solution evolves and 

stabilises within 10 seconds. RTLoc (Satriano, Lomax, & Zollo, 2008) and RTMag (Lancieri & 



 

12 
 

Zollo, 2008) techniques are used to determine location and magnitude within PRESTo 

algorithm (Satriano, Elia et al., 2011). 

2.2.2 Finite fault algorithms 

Earthquakes are not actually point sources as they involve slip over a fault area that increases 

in size along with magnitude. Thus, traditional point source EEW algorithms do not work well 

for large earthquakes (M >7) due to the complex and extended nature of fault rupture (Ruhl 

et al., 2017; Kodera et al., 2021). To address this limitation, finite fault algorithms have been 

developed to generate EEW by incorporating earthquake location and fault characterisation 

by modelling the spatial and temporal evolution of fault rupture. These algorithms are not 

saturated for large earthquakes (>M7). However, finite fault algorithms take more time to 

issue an alert than point source methods (Ruhl et al., 2019; Allen et al., 2019).  

Unlike point source approaches, finite fault algorithms track the developing rupture in real-

time. They produce a time series of alerts that progressively refine estimates of magnitude 

and fault dimensions. While preliminary alerts may be issued quickly, the most accurate and 

stable solutions can only be delivered once the rupture has substantially or fully completed. 

In addition to EEW, these algorithms are often used as rapid response tools. Rapid response 

tools are designed to quickly assess and communicate the potential impact of an earthquake 

immediately after it occurs, providing critical information for emergency response and 

recovery efforts.  

Finite fault algorithms use both seismic and geodetic approaches.  

Seismic-based finite-fault algorithms are designed to overcome the limitations of point source 

methods by modelling the spatial extent of rupture using data from dense seismic networks. 

These algorithms extract fault geometry by analysing ground motion observations, slip 

patterns, rupture directivity, and the evolving shape of the seismic wavefield. For instance, 

FinDer algorithm (Böse, Heaton, & Hauksson, 2012) uses peak ground acceleration (PGA) 

observations from ground motion sensors and compares them with pre-computed templates 

to determine rupture length, position, and orientation. Another example is the iterative 

deconvolution and stacking (IDS) approach, which automatically inverts strong-motion 

records to rapidly estimate the finite-fault models (Zheng et al., 2020).  



 

13 
 

Geodetic approaches use Global Navigation Satellite System (GNSS) data to complement 

traditional seismic methods. GNSS sensors provide direct measurements of static ground 

motion, making them particularly effective for estimating fault length and magnitude during 

large earthquakes (Ruhl et al., 2017). This is especially valuable for events exceeding 

magnitude 7, where seismic methods may saturate (Crowell, 2024).  However, the relatively 

high noise floor of GNSS sensors limits their sensitivity to smaller magnitude earthquakes, 

reducing their effectiveness for events below approximately magnitude 6.5 (Ruhl et al., 2019). 

The following discusses several finite fault algorithms including FinDer (Böse, Heaton, & 

Hauksson, 2012), G-larmS (Grapenthin, Johanson, & Allen, 2014a), G-FAST (Crowell et al., 

2018) BEFORES (Minson et al., 2014), and REGARD algorithms (Kawamoto et al., 2017). 

FinDer algorithm 

The Real-time Finite Fault Rupture Detector (FinDer) algorithm uses an image processing 

approach to estimate fault rupture extent for large earthquakes (Böse et al., 2012, 2018, 

2023). It uses ground motion data from seismic sensors and compares the data with 

predetermined templates. A correlation-based matching technique determines the current 

centroid position, length, and strike. It can provide EEW and shake-maps by updating source 

geometry estimates continuously. First, it detects maximum ground motion amplitudes and 

applies site corrections. Then it performs map projection and spatial interpolation of 

amplitudes. After the near and far source classification, it compares the map with a set of pre-

calculated templates. Then, a direct pattern search algorithm is used to minimise the misfit. . 

FinDer has been successfully integrated in the ShakeAlert EEW suit since 2018 along with the 

EPIC point source algorithm for the west coast of the United States (Kohler et al., 2020) and 

has also been implemented for Switzerland (Massin, Clinton, and Böse, 2021) and Costa Rica 

(Porras et al., 2021). Andrews et al., (2024) tested FinDer algorithm for New Zealand. It works 

well for Christchurch, where station density is high, and it computed the first solution within 

7 seconds of the origin time. 

G-larmS algorithm 

The Geodetic Alarm System (G-larmS), a.k.a. rtGPS static offset inversion algorithm, 

determines earthquake magnitude and finite fault details using least-squares inversion of the 
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static offset of slip (Grapenthin et al., 2014a; Grapenthin, Johanson, & Allen, 2014b) using 

GNSS data. GNSS data are typically relatively noisy; therefore, G-larmS is designed to rely on 

triggers from more sensitive detection algorithms (Ruhl, 2017) such as the ElarmS point 

source algorithm.  

It generates displacement time series from the geodetic data and then removes the outliers 

and excessive data gaps. It filters any noise and extracts the static offsets. Finally, it 

determines earthquake parameters using the inversion of these offsets. It can provide a 

distributed slip model and magnitude estimate within 14 to 24 seconds after an earthquake. 

It can process multiple events in parallel and might be useful during complex earthquake 

sequences. 

G-FAST algorithm 

The Geodetic First Approximation of Size and Time (G-FAST) algorithm (Crowell et al., 2018) 

consists of a combination of different approaches. The processing starts after receiving a 

triggering signal from other seismic detection algorithms (e.g., ElarmS), which use 

seismometer data. Then, peak ground displacement (PGD) from Global Positioning System 

(GPS) displacement waveforms is used to determine magnitude and depth. After the fault 

orientation is obtained by using a geodetically derived focal mechanism, a discretised fault 

plane is created, and the static slip distribution is obtained by inverting it. It has been 

demonstrated that G-FAST can deliver magnitude estimates based on PGD within 22 seconds 

(first alert) of the earthquake's origin time and a stable solution within 40 to 60 seconds. 

BEFORES algorithm 

The magnitude, spatial distribution of slip, and fault geometry can be captured in real-time 

using the Bayesian Evidence-based Fault Orientation and Real-time Earthquake Slip algorithm 

(BEFORES) (Minson et al., 2014). Bayesian inference is used to find the optimal fault geometry, 

and a simple analytical method is used to find the distributed slip models. The time taken to 

issue an EEW depends on the rupture duration and the duration of the wave propagation time 

from the source to the sensors. Real-time high-rate GPS data is used to solve this inversion 

problem using an analytical Bayesian approach. First, it considers the stations which detect P 

waves and estimate quasi-static offsets. Then it searches over strike and dip. Finally, it reports 
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magnitude (Mw) and slip with uncertainties. The steps are repeated over time. It is assumed 

that the location is provided by the existing EEW method. BEFORES can provide results within 

1 to 3 minutes after the earthquake's origin time, depending on the event's characteristics 

and the density of the GPS network and is therefore more useful for rapid response than EEW. 

REGARD algorithm 

The Real-time GEONET Analysis system for Rapid Deformation (REGARD) algorithm 

(Kawamoto et al., 2017) uses a fault modelling approach based on the GNSS Earth 

Observation Network (GEONET) of Japan. The real-time GNSS positioning module updates the 

coordinate time series continuously and feeds it to the event detection module. If an 

earthquake occurs, the finite fault model is determined using the extracted co-seismic 

displacement field. Fault model estimation is updated continuously using a quasi-finite fault 

inversion routine. It can resolve a finite fault model for large earthquakes, avoiding 

instrumental saturation. It is capable of producing the first detection within 40-60 seconds 

and stable results within three minutes of the origin time.. 

2.2.3 Ground motion based algorithms 

Ground motion based algorithms predict seismic intensity for moderately distant sites using 

the observed local intensity (Allen & Melgar, 2019). They do not rely on an earthquake source 

model and are therefore less computationally expensive. The key advantages of these 

algorithms are that they are robust, rapid, and simple. However, they cannot determine 

detailed earthquake source parameters. 

Both point source and finite fault algorithms first resolve the earthquake source parameters 

(i.e., location and magnitude) and then predict the ground motion to issue EEW. A problem 

with these algorithms is under-prediction and over-prediction (Hoshiba, 2013; Hoshiba & 

Aoki, 2015) and they find it difficult to handle simultaneous multiple events, especially during 

aftershock sequences. As a solution, Hoshiba & Aoki (2015) proposed a ground motion 

numerical shake prediction method that does not need earthquake source characteristics.  
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PLUM algorithm 

One ground motion based algorithm is the Propagation of Local Undamped Motion (PLUM) 

algorithm (Kodera et al., 2018; Kodera, 2019). PLUM is derived from the numerical shake 

prediction method of Hoshiba & Aoki, (2015). PLUM is computationally inexpensive and easy 

to implement, compared to the numerical shake prediction method. It predicts shaking at 

distant locations (within a specific range) using ground motion observations from strong 

motion sensors. Figure 2-2 illustrates an example arrangement of sensors for PLUM within 

the specific region Rreg (the circular region with radius R centred at the observation station).  

 

Figure 2-2 Plum algorithm (adapted from: Kodera et al., 2018) 

PLUM predicts seismic intensity at the target point x using the observed intensity at location 

i. Empirical site amplification factors of both observation and prediction stations are taken 

into account. Seismic intensity at the predicted point is obtained by equation 2.1. 

𝐼𝑟𝑝𝑟𝑒𝑑
𝑥 = 𝑚𝑎𝑥

𝑖∈𝑅𝑟𝑒𝑔

{𝐼𝑟𝑜𝑏𝑠
𝑖 − 𝐹𝐼

𝑖} + 𝐹𝐼
𝑥 (2.1) 

where:  

  𝐼𝑟𝑝𝑟𝑒𝑑
𝑥 = predicted seismic intensity at x  

  𝐼𝑟𝑜𝑏𝑠
𝑖 = observed real-time seismic intensity of a station at i 

  𝐹𝐼
𝑖= site amplification factors at i  

  𝐹𝐼
𝑥=site amplification factors at x 

Japan’s JMA EEW system currently uses PLUM and conventional point-source approaches to 

issue EEW. Each approach evaluates the ground shaking separately, and the maximum value 

is considered when issuing EEW (Kodera et al., 2020). The results show that PLUM produces 

R 

R
reg

 

𝐼𝑟𝑝𝑟𝑒𝑑
(𝑥)

 

Target site 
at x

Observation 
station i 

𝐼𝑟𝑜𝑏𝑠
(𝑖)

 

𝐼𝑟𝑜𝑏𝑠
(𝑖′)

  



 

17 
 

robust and accurate ground-motion predictions compared to the approaches which use 

source parameters and GMPE. 

Performance assessment of the PLUM algorithm for Southern California was conducted by 

Cochran et al. (2019). They tested the algorithm using Southern California earthquakes that 

occurred from 2012 to 2017. They used a testing tool that was developed for the ShakeAlert 

EEW system. They found that PLUM can detect modified Mercalli intensity (IMMI) 4.0 and 

above earthquakes, which is an even lower threshold than the Japan PLUM EEW system’s 

threshold of IMMI ≈VII-VIII (Kodera et al., 2020). The IMMI scale is used to find the impact of an 

earthquake, and the IR represents the real-time seismic intensity. In Japan, IR is used for PLUM, 

but IMMI was used for this assessment by converting the ground motion to IMMI according to 

the relationship proposed by Worden et al. (2012). Cochran et al. (2019) used IMMI as it is the 

standard way to represent ground shaking in the United States despite the fact that IMMI 

approach is more sensitive to noise spikes than the IR approach. However, they modify PLUM 

to reduce false alerts induced by noise spikes. PLUM is modified by considering signals coming 

from two stations to trigger the algorithm, which helps to reduce false alerts that can be 

generated by noise on a single station. The test results demonstrate that all M 5.0+ 

earthquakes were detected when there are two stations or more within 60 km. Cochran et al. 

(2019) suggested examining different approaches and thresholds for scenarios different to 

southern California, such as different station densities, event characteristics and velocity 

models.  

Kilb et al. (2021) reported the performance of PLUM for two West Coast (USA) data sets. It 

provided the same or better performance (mean detection time 8s) as other EEW methods 

for the 2012–2017 (California, Oregon, Washington) data set. However, the mean detection 

time was increased for the 1999–2015 earthquake data set where station density is lower 

than the previous data set. They further improved the algorithm by introducing two features 

to the work of Cochran et al. (2019). They used co-located velocity and acceleration sensors 

to improve the detection by reducing the noise and eliminating other issues of individual 

sensors. Another new feature is two-station event detection. A nearby sensor validates the 

initial triggering to issue an alert within 15 seconds. It is useful for reducing false alerts due to 

uncorrelated, time-separated noise on two far-away stations. If the station density changes, 

it is necessary to adjust the fifteen-second time window as suggested by Kilb et al. (2021). 
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Böse et al. (2022a) evaluated the PLUM performance for the foreshock and aftershock 

sequences alongside assessing the ShakeAlert EEW system’s EPIC and FinDer algorithms, as 

the PLUM will be considered for the future ShakeAlert integration. They used synthesised 

earthquake sequences with two earthquakes occurring within 3 minutes of each other. Their 

finding showed that the PLUM performs well for near-simultaneous events and is effective in 

identifying pockets of ground motion. In this kind of complex situation, PLUM’s ground 

motion estimates work better than the methods that rely on source parameter 

determination. Böse et al. (2022a) mentioned that PLUM works well for temporally and 

spatially close earthquakes, as they are difficult to identify and issue EEW using traditional 

point source methods. 

Despite the advantages of the PLUM, there are several limitations. Since it does not determine 

the location of the earthquake, the maximum warning time is limited by the chosen warning 

radius, whereas source characterising approaches could produce longer warnings to distant 

locations once they locate the earthquake. If the warning radius is increased beyond the 

typical range, it may violate the PLUM assumption of undamped motion and result in a higher 

percentage of false alerts. Additionally, because PLUM detects earthquakes using secondary-

waves (S-waves), it requires a higher ground motion threshold than primary-wave (P-wave) 

based algorithms, potentially resulting in delayed detection. 

ALPHA algorithm 

Another ground-motion based algorithm is the Approximation by Local Pseudo-Hypocentre 

Attenuation (ALPHA) method (Kodera, 2019) (see Figure 2-3). The PLUM algorithm assumes 

that body waves propagate without attenuation. Therefore, PLUM can only predict seismic 

intensity for a short distance (i.e., less than 30 km). The ALPHA method was introduced to 

predict seismic intensities for longer distances by estimating the attenuation. The ALPHA 

method also works well for complex scenarios such as simultaneous earthquakes. It predicts 

seismic intensities for distant sites using GMPE by assuming that the point source hypocentre 

is located below the reference observation station. However, it is computationally expensive 

than the PLUM (Kodera, 2019), and according to our best knowledge, ALPHA is still not being 

used in any operational EEW. 
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Figure 2-3 Alpha algorithm (source: Kodera 2019) 

2.2.4 On-site algorithms 

On-site algorithms use data from a local sensor to generate EEW for the same site (Tsuno et 

al., 2024). They do not depend on other sensor data or communication infrastructure like the 

other algorithm types. Generally, this method uses preliminary P-wave data to predict S-wave 

amplitudes. It triggers an alert when the following S-wave or peak shaking is predicted to be 

above a certain threshold. It can issue an EEW using only one instrument. Nevertheless, it 

may generate more false alarms because it is difficult to eliminate noise or other issues using 

only a single device (Caruso et al.,2017). It may fail for large earthquakes and for complex 

aftershock sequences, since large earthquake rupture processes are complex, and it can be 

difficult to differentiate P and S waves properly. 

The Taiwan National Centre for Research on Earthquake Engineering has developed an on-

site algorithm that uses six P-wave features of the vertical component of the initial three 

seconds of data. These features include: predominant frequency, peak ground acceleration, 

peak ground velocity, peak ground displacement, cumulative absolute velocity and 

integration of the squared velocity. This data is used to predict the peak ground acceleration 

using a regression model based on a support vector machine (Hsu et al., 2016). National 

Taiwan University developed an on-site algorithm named P-alert, which also uses the first 

three seconds of P-wave data. It is able to estimate peak ground motion velocity and 

magnitude by computing a ground-motion period parameter and a vertical displacement 

amplitude parameter from the P-wave data (Wu & Kanamori, 2008). P-alert sensors have 

been installed in New Zealand by multiple organisations including Kiwi Rail, Callaghan 

Innovation, Wellington Water and Wellington Electricity (JENLOGIX, 2021). In New Zealand, 
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P-alert sensors are mainly used for structural health monitoring, meaning there is no EEW 

capability evaluation for New Zealand in the literature. 

To address the limitations of on-site algorithms, Zollo et al. (2014) proposed an integrated 

approach that combines on-site algorithms with the point-source PRESTo algorithm. This 

hybrid method aims to enhance the robustness and overall performance of EEW systems by 

leveraging the strengths of both approaches. 

2.2.5 Selection of an algorithm to test for NZ 

There are four main types of EEW algorithms, as described in previous Sections 2.1.1 to 2.1.4. 

As mentioned in Section 2.1.3, ground motion based algorithms have a number of 

advantages—for example, they are computationally inexpensive, fast, simple to implement, 

and capable of handling complex earthquake sequences.  

While both PLUM and ALPHA algorithms are ground motion–based and do not rely on source 

parameters, they work quite differently. PLUM is quick and effective for nearby areas, using 

real-time shaking data from nearby sensors to issue alerts. But its range is limited by the 

warning radius due to its undamped motion assumption (which does not account for wave 

attenuation). ALPHA, on the other hand, estimates how shaking will decrease with distance 

by considering each station as a kind of pseudo-hypocentre. Thus, it could predict shaking 

farther away, which is especially useful for distant sites. ALPHA is more computationally 

demanding and isn’t yet part of any operational EEW system. For the Japan 2011 M9 Tohoku-

Oki earthquake scenario testing, the total computational times of ALPHA were 44 times those 

of PLUM (Kodera, 2019). PLUM and ALPHA could complement each other—PLUM gives fast 

local warnings, and ALPHA extends coverage to areas farther from the source. Therefore, 

Kodera (2019) suggested that using both could improve overall early warning performance. 

Therefore, a ground motion based algorithm, named PLUM (see Section 2.1.3 for the details 

of the PLUM) has been selected for testing the GeoNet network early warning capabilities and 

testing ALPHA combining with PLUM will be an interesting future work. 

The PLUM algorithm has several advantages, and consequently, the Japan Meteorological 

Agency (JMA) has been using it since 2018 in the Japan EEW system (Kodera et al., 2020). 

Based on its performance in the Japan EEW system, Kodera et al. (2020) suggested that the 
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PLUM method is more reliable and robust than point source algorithms in complex 

earthquake scenarios. It can also better capture high-stress drop earthquakes than other 

conventional algorithms (Kilb et al., 2021). It is capable of handling simultaneous earthquakes 

(Böse et al., 2022a), which is also useful during the aftershocks. Böse et al., (2022a) mentioned 

that the PLUM EEW algorithm is being examined for potential inclusion in the US West Coast 

ShakeAlert EEW system. Minson et al. (2020) performed real-time testing for PLUM in 

California, Oregon, and Washington. During the 2019 Ridgecrest earthquake sequence (M 6.4 

and 7.1). They observed that the PLUM EEW is faster than the ShakeAlert system’s first alerts. 

High data latency during the M7.1 earthquake had effect on the ShakeAlert performance, but 

not on the PLUM. 

PLUM performed well in Japan with a high-density sensor network (Kodera et al., 2020). 

However, NZ does not have a high density of sensors like JMA. US data (Cochran et al., 2019, 

Kilb et al., 2021) shows that PLUM can work with a lower-density sensor network compared 

to Japan’s network. Therefore, it is worthwhile to study the PLUM algorithm for New Zealand 

settings. 

The PLUM algorithm was selected as a suitable starting point for exploring the evaluation of 

an EEW algorithm using a large synthetic earthquake catalogue for NZ. Its simplicity (being 

computationally inexpensive) makes it easier to implement and test compared to more 

complex algorithms. Additionally, PLUM has relatively modest data requirements as it does 

not rely on detailed source information and instead detects ground motion primarily using S-

wave data. While the choice of algorithm is important, the methodology for evaluating EEW 

performance using a large synthetic catalogue is even more critical in alignment with the 

original objectives of the main RNC 2 Earthquake and Tsunami project. Internationally, Japan 

employs both point source approaches and the PLUM method within its EEW system. The US 

West Coast ShakeAlert EEW system integrates both the point source EPIC algorithm and Finite 

Fault FinDer algorithm. In New Zealand the FinDer finite fault algorithm has been tested by 

the R-CET project team at GNS Science, and currently, GeoNet issues earthquake information 

using earthquake source characterisation methods. Given these factors, PLUM offers a 

practical and effective foundation for testing EEW capabilities in the New Zealand context as 

part of this thesis. 
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2.3 Earthquake early warning systems 

There are a few countries that have public EEW systems, including Japan, Taiwan, South 

Korea, Mexico, and the West Coast of the United States. Some other countries have restricted 

EEW systems that provide warnings only to specific organisations or user groups (Allen & 

Melgar, 2019). 

The Japanese system uses hybrid methods to issue EEW using more than 4000 seismic 

monitoring stations (Tajima & Hayashida, 2018). During the Tohoku earthquake (M9.0) in 

2011, the Japan EEW system successfully issued an early warning to the nearest region from 

the epicentre, before the arrival of the damaging S-waves. However, the system also issued 

many false warnings for aftershocks. Lack of data from seismometers in disaster areas (due 

to blackouts, communication failures, etc.) was one of the major causes of those false alarms 

(Nishimae et al., 2016). Until 2018, they used a point source approach to issue EEW. Since 

2018, Japan’s EEW system has been enhanced by introducing the PLUM algorithm to the 

existing EEW system to address some of the previous issues (Kodera et al., 2020). 

The Taiwan Central Weather Administration (CWA) operates an EEW system which takes 

about 22 seconds to generate an EEW alert. Therefore, it can only provide EEW for areas at 

least 70 km from the epicentre (Wu & Kanamori, 2005; Xu et al., 2017). In addition to the CWA 

official EEW, Taiwan uses two other EEW systems based on the P-alert method (Wu et al., 

2013; Xu et al., 2017). This onsite P-alert method can in theory provide quicker warnings than 

the CWA official EEW system. Accordingly, Chen et al. (2015) proposed incorporating low-cost 

P-alert sensors to the CWA EEW system. Taiwan has also recently implemented an Earthquake 

and Tsunami Submarine Cable Observation System in the Eastern Sea of Taiwan to assist the 

CWA to improve the earthquake and tsunami warning capabilities (Hsiao et al., 2014; NEC, 

2021). 

The Korean Earthquake Early Warning System (KEEWS) was established in 2015. The ElarmS 

algorithm (Wurman et al., 2007) was used by KEEWS initially and then improved by using 

ElarmS-2 algorithm (Serdar Kuyuk et al., 2014). According to the initial testing of the United 

States ElarmS algorithm for Korean data, the parameters should be adjusted for local crustal 

structure and regional seismicity. Therefore, they changed the magnitude scaling relationship 

and phase association criteria of the original ElarmS-2 which was set originally to the 
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Californian environment. It is proposed to increase its 188 seismic sensor stations to 300 to 

reduce the warning time (Sheen et al., 2017). 

The seismic alert system of Mexico City (SAS) and the seismic alert system of Oaxaca city 

(SASO) were introduced in 1991 and 2003, respectively. In 2012, both were integrated into a 

single Mexican seismic early warning system known as SASMEX (Cuellar et al., 2014). A 

modified SLA/LTA method is used by them as the detection algorithm. 

In California, the ShakeAlert EEW system has been tested for public alerting since October 

2019. It uses both the EPIC and FinDer algorithms (Lux et al., 2024) complementing each 

other. The ShakeAlert system uses the US Wireless Emergency Alerts System (a method to 

deliver emergency alerts to mobile devices), a mobile app (MyShake) and Google Android OS 

to disseminate the EEW. The US West Coast ShakeAlert system started operation in May 2021, 

and has issued public EEW alerts to California, Oregon and Washington (USGS, 2021a). 

ShakeAlert was developed by the United States Geological Survey (USGS) in a collaboration 

of State and university partners. The Android earthquake alerts team of Google is one of the 

licensed-to-operate partners of the ShakeAlert product (USGS, 2021b), and Google does not 

issue their own EEW (i.e., AEA) in the US. 

Google has been testing its own Android Earthquake Alerts System in Greece and New 

Zealand since April 2021 (Spooner, 2021), followed by testing in other countries. It uses 

accelerometer data coming from android phones. If shaking is detected, it sends the data to 

an earthquake detection server. The location and magnitude are determined using the data 

from the Android phones, and the alert is disseminated to other Android phones.  

2.4 GeoNet sensor network and capabilities 

GeoNet is a geohazard monitoring network for NZ, which provides detection and monitoring 

for earthquakes, tsunamis and other geological hazards, and it is managed by GNS Science 

(Petersen et al., 2011). It captures geophysical data streams from sensors around the country 

(GNS Science, 2024c). The seismic data stream is analysed in near real-time by the 24/7 

National Geohazard Monitoring Centre, and the data is also available to researchers. The 

GeoNet mobile application and the website provide geological hazards information to the 
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general public. They provide earthquake information, including location, magnitude and 

depth, usually within a few minutes of the earthquake occurrence (GNS Science, 2024b). 

GeoNet runs several types of sensors including broadband seismometers, strong motion 

sensors, short-period seismometers, coastal sea level gauges, and geodetic sensors 

(GNSS/GPS), as shown in Figure 2-4 (GNS Science, 2024c). GeoNet maintains the New Zealand 

National Seismograph Network, Regional Seismograph Networks and National Strong Motion 

Network sites. Strong motion sensors have been selected to be utilised in this research 

because they can capture a broad range of frequencies and handle a large range of shaking 

amplitudes, including very strong shaking, without saturating. In September 2023 (when the 

sensor location data was downloaded to run the experiments in chapters 4 and 5), there were 

344 strong motion stations around New Zealand. The work in this thesis focuses on the strong 

motion sensor network. 

To determine station spacing across New Zealand’s entire GeoNet strong-motion sensor 

network, we computed each station’s distance to its nearest neighbour (344 stations). The 

distribution of the data is shown in Figure 2-5. Distances range from 0.2 km to 59.8 km, with 

a mean of 14.5 km (standard deviation σ = 13.8 km) and a median of 10.9 km (interquartile 

range 1.7 km–25.0 km). The long upper tail reflects sparse station placement in remote 

regions, while most stations are within ~11 km of another, indicating denser coverage in 

populated areas.   
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Figure 2-4 GeoNet seismic and GPS sensor map (North and South Islands), source GNS 
Science (2024c), https://www.geonet.org.nz/data/network/sensor/search 
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Figure 2-5 Distribution of nearest-station distances among 344 GeoNet strong motion stations 

Figure 2-6 presents an overview of the GeoNet sensor network. The network uses a range of 

communication links, including cellular, satellite, data radio, broadband and REANNZ 

(Research and Education Advanced Network New Zealand) (Petersen et al., 2011; REANNZ, 

2021). The data is processed, stored and archived in GeoNet servers and cloud servers. 

GeoNet has two data centres in Auckland and Wellington (Avalon). Amazon Web Services 

(AWS) are used to deliver earthquake notifications (AWS, 2021). In addition, AWS is used to 

store data in the cloud. Most urban strong motion sensor stations transmit data using a single 

cellular link of one of two providers (Spark and Vodafone). Some of the sensors are connected 

via Spark and others via Vodafone. There is no proper redundancy in transmission links as 

shown in Figure 2-6. However, if there is an outage in one provider, it will lose connection 

from those sensors only. Satellite links are primarily connected to an earth station in Sydney, 

Australia and then data is transmitted to New Zealand data centres. This provides robust 

connections for remote stations, yet the latency is high compared to cellular and other wired 

links. 
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Figure 2-6 Typical GeoNet seismic data flow 

The Seedlink protocol is used to transmit data from GeoNet sensors to data centres (Petersen 

et al., 2011). It is a TCP/IP (Transmission Control Protocol/ Internet Protocol) based real-time 

data acquisition protocol (GFZ, 2021). GeoNet uses Mini-SEED (Standard for the Exchange of 

Earthquake Data) format for data transmission (GNS Science, 2024a; Townend et al., 2009). 

A data packet consists of an 8-byte header and a 512 byte Mini-SEED record (IRIS, 2021). Real-

time data could be accessed via the Seedlink protocol and FDSN (The International Federation 

of Digital Seismograph Networks) web services are used to access near-real-time and archive 

data (Suárez et al., 2008; GNS Science, 2024a). 

2.5 EXSIM ground motion simulator  

An EEW warning algorithm needs to be tested on a range of earthquake magnitudes, depths, 

locations, and mechanisms, which will require the shaking waveforms (seismograms) from 

the earthquakes occurring at multiple locations. However, New Zealand only has limited data 

on recorded large earthquakes. Therefore, this research generated earthquake seismogram 

data by simulation. The simulations should address a range of frequencies and require path 

and site effects. 

Several other studies have used synthetic seismograms to evaluate EEW algorithms, including 

Zollo et al. (2009); Zuccolo et al. (2016); Mittal et al. (2019); McGuire et al. (2021); Thompson 
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et al. (2024). Zollo et al. (2009) evaluated a probabilistic evolutionary algorithm for EEW for 

southern Italy, which used p-waves to locate events and estimate magnitudes, and then 

predicted ground motion intensity at a given target site. They simulated possible rupture 

scenarios for one M6.9 and two M6 earthquakes. A hybrid k-squared source model is used to 

compute synthetic seismograms, and a 1-D ground motion prediction equation is used to 

predict the peak motion at distant sites. Zuccolo et al. (2016) simulated twelve earthquake 

scenarios using a method (Crempien & Archuleta, 2015) for simulation of broadband ground 

motion from kinematic earthquake sources to test EEW scenarios at critical facilities in the 

Eastern Caribbean. Mittal et al. (2019) used the EXSIM program (Motazedian & Atkinson, 

2005) to simulate two historical earthquakes in Northern India (Chamoli earthquake of 1999-

Mw 6.5 and Uttarkashi earthquake of 1991-Mw 6.8). They used the generated data to test an 

algorithm called Pd (Wu & Kanamori, 2005), which estimates earthquake magnitude or 

shaking intensity from the peak displacement of the initial P-wave. McGuire et al. (2021) and 

Thompson et al. (2024) tested the ShakeAlert EEW system for M9 megathrust earthquakes in 

the Pacific Northwest using synthetic seismograms. They used a dataset generated from a 

broadband 3D simulation combining 3D finite-difference simulations and stochastic 

synthetics (Frankel et al., 2018). 

There are several types of earthquake ground motion simulators, and they differ in their 

complexity, accuracy and computational cost. 

 

• Ground motion prediction equations: These are empirical models based on observed 

data from past earthquakes to develop shaking metrics as a function of distance and 

magnitude. These equations are commonly used, in OpenQuake (Pagani et al., 2014; 

Worden et al., 2017; Böse et al., 2022) and ShakeMap (Cultrera et al., 2013; Worden 

& Wald, 2016). 

• Stochastic propagation models: These models provide reasonable approximations of 

ground motion characteristics (S-wave arrival time, amplitude and duration, and time 

history frequency content) for a low computational demand.  e.g., SMSIM (Boore, 

2005), EXSIM (Atkinson & Assatourians, 2015). 

• Physics-based propagation models: The most precise but the highest computational 

cost. They model the physical processes of earthquake rupture and wave 
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propagation. e.g., AXITRA (Coutant, 1989), SORD (Ely et al., 2009), Hercules (Tu et al., 

2006; Taborda et al, 2010), SPECFEM3D (Komatitsch, & Tromp, 1999). 

 

Therefore, stochastic propagation models are a robust compromise between providing 

realistic simulation metrics and reducing computational time.  

 

We used EXSIM - a stochastic finite-fault ground motion simulation program (Atkinson & 

Assatourians, 2015) – to generate synthetic seismograms. EXSIM is not as computationally 

expensive as some other methods requiring simulations in 2D and 3D media as it is a 

stochastic-based method. It is a suitable method to use in ground motion based EEW 

algorithms as it generates realistic time histories in terms of shaking arrival times, durations, 

and peak amplitudes.  

In EXSIM, a fault is modelled as a collection of sub-faults. Sub-faults are considered as point 

sources. A point-source stochastic model is used to get time series from the collection of 

sources considering source duration and path duration. Seismic moment and stress 

parameters are considered to determine the Fourier spectrum at the source. EXSIM also uses 

a dynamic corner frequency approach to capture realistic frequency ranges from small to 

large earthquakes. Synthetic seismograms at the observation site are obtained by summing 

the generated ground motions of each sub-fault. 

EXSIM simulates only the S-wave component of the ground motion and calculates the 

amplitude of the shaking as a single component—it does not generate the three components 

that are typically recorded by seismographs.  

EXSIM requires many parameters to be specified. Some of these parameters need to be 

calibrated for the particular context, such as according to the region’s shear wave (S wave) 

velocity and seismic wave attenuation model (i.e., Q factor). Chapter 3 describes an analysis 

in which synthetic seismograms are generated from a recent earthquake and compared to 

GeoNet recorded data to calibrate the parameters and validate the EXSIM methodology in 

the New Zealand context. 
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2.6 RNC2 synthetic earthquake catalogue. 

A physics-based realistic synthetic earthquake catalogue for New Zealand was introduced by 

Shaw et al. (2022), which is especially useful for research work, including this thesis, since NZ 

has limited recorded data. It is a synthetic catalogue of earthquakes over a 220000-year 

period to help identify the expected shaking in the future without relying on the short 

historical record. It is being developed under the same RNC2 earthquake and tsunami project 

as this thesis. 

The active faults (about 530) of New Zealand were reported in the National seismic hazard 

model of New Zealand (Stirling et al., 2012), and those fault models were used to generate 

the catalogue. The Rate-and-State Earthquake Simulator (RSQSim), which is based on the 

approximations of the rate-and-state friction equations (Richards-Dinger & Dieterich, 2012), 

was used to develop the catalogue by simulating how the faults may develop and cause 

earthquakes.  

Sample catalogue earthquakes from a 500-year period are shown in Figure 2-7. Shaw et al. 

(2022) stated that this sub-catalogue is spatially consistent with the GeoNet historical 

catalogue of New Zealand, which began in the 1800s and includes records of a few large 

events prior to that time. Therefore, the New Zealand RNC2 RSQSim catalogue is a good 

dataset to test the EEW algorithm by filling the gap of limited recorded data. 
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Figure 2-7 Sample catalogue earthquakes from a 500-year period. Size of circles indicates 
relative rupture area (Taken from Shaw et al. (2022), Figure 2-b). 
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The full catalogue contains 1,609,645 earthquake events, all in the 3.30 to 9.06 magnitude 

range. The following details of each event are published as a supplement to Shaw et al. (2022): 

• Occurrence time. 

• Magnitude, moment, and area. 

• Number of participating elements, average slip, and long-term average slip rate. 

• Hypocentre and centroid locations. 

• Rupture surface minimum and maximum depths. 

There are a few limitations to this first version of the catalogue. One consequence is that the 

catalogue more accurately describes the current state and near future than a full prediction 

for the distant future. However, this limitation is not a problem for testing EEW algorithms 

since evaluating an EEW system only needs to consider the near future. The other limitation 

– not including unknown and blind faults – is more significant; for example, the 2011 

Christchurch earthquake was caused by a previously unknown blind fault. Using the catalogue 

for evaluating an EEW system is likely to overestimate the performance of the system because 

it would ignore the effects of potentially damaging unknown faults, such as the Christchurch 

earthquake fault. In addition to that, offshore faults are not included in the catalogue except 

for the Hikurangi subduction zone interface along the east coast of the North Island. 

In this thesis, multi-fault earthquakes in the catalogue are modelled as single-fault events, 

with inferred strike and length parameters. The methodology for this simplification is detailed 

in Section 4.2.4. Given the existing uncertainties within the catalogue itself, simplified source 

models are sufficient for analysing EEW system performance in the context of future 

earthquake scenarios. Similar simplifications have been used in EEW studies by other 

researchers (e.g., Cremen, Galasso, and Zuccolo, 2022). 
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Chapter 3  Preparatory Analysis 

This chapter presents several preparatory analyses to prepare for the main analysis presented 

in chapters 4 and 5. The goal of the first experiment was to determine the average latency 

time in the GeoNet strong motion sensor network so that the correct latency values could be 

included in the evaluation of the PLUM EEW algorithm. The second analysis applied the basic 

PLUM algorithm to recorded seismogram data of two recent earthquakes (Lake Grassmere 

and Kaikōura) to check that it is plausible to apply PLUM in the NZ context. The third analysis 

validated parameters for the EXSIM simulator by comparing EXSIM-generated synthetic 

seismograms to GeoNet-recorded seismograms for the 2010 Darfield earthquake. The fourth 

analysis explored an initial implementation of the PLUM EEW algorithm on the Darfield 

earthquake and a set of 209 synthetic earthquakes around the Canterbury region. These 

analyses confirmed the potential applicability of the PLUM algorithm in the NZ context and 

identified metrics for evaluating the performance of PLUM. 

3.1 Data latency of GeoNet sensor network. 

A critical part of any networked-based EEW system (i.e., other than onsite systems) is 

communicating information from the sensors to the central point from which alerts will be 

issued. Delays due to latency in the communication network will reduce the amount of 

warning time that can be provided with alerts and must be taken into account in the 

evaluation of an EEW system. 

We conducted an experiment to determine the data transmission latency of the GeoNet 

strong motion sensor network using a machine located at Victoria University of Wellington 

(VUW). Locations of the strong motion sensors are shown in Figure 3-1. The VUW machine 

was connected to the Avalon server and requested a real-time feed of data packets from all 

strong motion sensors (GeoNet makes such real-time feed available to researchers). Data 

from the sensors in the network is transmitted as mini-SEED packets to the Seedlink server at 

Avalon (Wellington), either directly to Avalon or via the Auckland or Sydney data centres. The 

VUW machine recorded each packet's arrival time and compared it with the time stamp of 
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the waveform start time in the data packet. The difference in the time stamp is the total 

latency. 

The total latency is a result of several steps: 

• tp = mini-SEED packetisation at the sensor station. Almost all of tp is the duration of 

the signal reported in the packet, with a very small additional time for constructing 

the data packet.  

• tn = transmission time of the network (cellular, satellite or any other). 

• ti = transmission time on the internet from the network company to the Avalon server, 

possibly via the Auckland or Sydney data centres. 

• td = processing of the data at the Avalon server. 

• tc = connection and transmission time between the Avalon server and the VUW 

computer. 

The total latency ttot is the sum of the components: 

 ttot = tp +tn +ti +td +tc        (3.1) 

Figure 3-2 shows the distribution of median latencies (without outlier cases) for packets from 

each individual strong motion sensor using data from one week (19th May 2021 to 25th May 

2021). Six sensors had a latency of over 6 seconds, which were considered outliers. They are 

shown in purple in Figure 3-1 and listed in Table 3-1. 

91% of the packets had a total latency between 3.3 and 4.8 seconds. 5% of packets had a 

latency below 3.3 seconds. A few packets (4%) had a latency above 4.8 seconds. 98% of the 

data packets were received within 5 seconds. Therefore, we can assume that the current 

setup can provide data from 98% of strong motion sensors within 5 seconds. This suggests 

that any EEW system based on the current GeoNet strong motion sensor network setup 

would have to handle around 5 seconds latency. 

It is difficult to precisely decluster the sources of the total latency (ttot) from this experiment, 

since we cannot access the different data transmission stages (e.g., packet arrival times in the 

communication company networks). However, ping tests between VUW and Avalon 

suggested that the final component of the latency (tc) is very small (less than 10ms). Individual 

station data (as shown in Figure 3-1) indicates that higher latencies for remote rural stations 
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are expected as these are connected via satellite links suggesting that tn is a significant 

component of the latency, at least for remote stations. 

 

Figure 3-1 Strong motion sensor network - median latency while accessing raw sensor data 
from VUW via real-time seedlink. Colour of each circle shows the median latency for each 
strong motion sensor. Outlier stations shown as purple triangles (see Table 3-1). 
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Figure 3-2 Distribution of the median latency of the strong motion sensors  

Table 3-1 Data latency - outlier cases (latency > 6s) 

Station Median latency (mm:ss) 

CTZ 00:07 

SBRC 00:34 

FAIS 02:20 

NCHS 02:47 

PRPC 03:49 

KOWC 19:22 
 

However, the GeoNet sensor network communication protocols are designed for monitoring 

and recording, not for EEW. The current packetising mechanism waits to build a data packet 

containing 400 – 500 samples and may take up to 2 – 2.5 sec, which improves efficiency for 

monitoring and recording, but is not appropriate for an EEW system. Reducing the data 

packets to 50 – 100 samples would reduce the packetising time (tp) to well under a second 

(though it would result in many more packets). Alternatively, if the stations immediately sent 

very small packets, specifically for EEW, whenever the PGA first exceeded critical thresholds, 

then the packetising latency would be even lower.  
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According to Figure 3-2 the current median latency is 4.1 seconds. If the data packets are 

reduced to 50 samples, it would need to wait approximately 0.25 seconds to collect data at a 

200 Hz sampling rate. Changing 450 sample data packets to 50 sample data packets could 

reduce 2 seconds from the total latency ( i.e., 400 samples / 200 Hz = 2 s) bringing the latency 

down to around 2 seconds (4.1-2 = 2.1 s). 

In addition to that, introducing local processing at the sensor data acquisition stage would 

further reduce packetization time and network traffic, thereby reducing latency even more. 

Combined with continuous advancements in communication technology, it is reasonable to 

assume that a future EEW system using the GeoNet strong motion sensor network could 

achieve an overall latency of just 2 seconds except for some very distant stations that depend 

on  satellite connections. 

3.2 Initial exploration of PLUM on two recent NZ earthquakes. 

An initial analysis was conducted using GeoNet's recorded earthquake data for two recent 

major earthquakes—Kaikōura (M7.8, 2016) and Lake Grassmere (M6.6, 2013)—to 

understand the PLUM algorithm. A simple version of PLUM was used in this analysis, and a 

few selected GeoNet sensor locations were used as both alerting and receiving points. 

In the simple version of PLUM (see Figure 3-3), when a station detects shaking above the 

defined threshold, it issues an alert. Then, everyone within the warning radius of the station 

will receive the alert. To determine whether the alert was timely for a station that received 

the alert, we need to analyse the shaking data at the receiving station to check whether the 

alert arrived at the receiving station before shaking went above the threshold, and to 

calculate the warning lead time (Note: communication and processing delays were assumed 

to be zero, which gives overly optimistic warning times for this initial exploration). 

Warning lead time = detection time at receiving station – detection time at alerting station 

To detect shaking above the threshold, the algorithm requires six consecutive samples of the 

shaking waveform (i.e., 0.03 seconds) to be above the threshold. This was similar to the 

detection method in the version of PLUM used in Japan (Yamamoto et al., 2008). 
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Figure 3-3 Basic PLUM configuration: Alerting station detects shaking above threshold, and 
issues warning to all points within the warning radius (green circle). The alert can be validated 
as correct and timely if shaking at some receiving station within the warning radius first 
detects shaking above threshold after the alert was received. 

GeoNet pre-processed (using SeisComP) strong motion data was used for this analysis. Data 

processing includes removing instrument gain and high- and low-pass filtering based on the 

event magnitude. They use signal-to-noise criteria to filter out station data, and therefore, 

stations with better data for the relevant earthquake were selected for this analysis. 

A key parameter for the PLUM algorithm is the peak ground acceleration threshold at which 

it triggers a warning. In this testing, the threshold was set at 90 cm/s2 (9.2%g), which 

corresponds to the minimum acceleration of MMI VI (Dowrick, 1996; Wald et al., 1999) and 

is labeled “strong shaking” in the NZ MMI scale (GNS Science, 2023a). This threshold was used 

as the magnitudes of both of the selected earthquakes are relatively high.  

The original PLUM algorithm uses the JMA intensity scale of Japan, which is based on the 

vector amplitude of three components x, y and z (Hoshiba et al., 2010). This analysis focuses 

on the S-wave, for which the horizontal acceleration components are higher than the vertical 

acceleration components. Therefore, to reduce the computational cost of the PLUM 

algorithm, this analysis only uses the two horizontal acceleration components. 

The original PLUM algorithm only considered the sensors within a 30 km radius as mentioned 

in Section 2.1.1. However, according to the current separation between sensors in the New 

Zealand GeoNet sensor network, it is difficult to keep within the 30 km radius. Minson et al. 

(2020) have used sensors within 50 km to test the PLUM EEW algorithm for California. 

Cochran et al. (2019) have reported good performances for the PLUM algorithm with the 

Receiving 
station 

Warning 
     Radius 

Alerting station 1
 Τh 

detection 
time 
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sensors within 60 km for Californian earthquakes. Therefore, the analysis selected validating 

stations reasonably close to the earthquake epicentre that were not more than 60 km from 

each other. 

For the Kaikōura earthquake (GeoNet ID 2016p858000), three stations were selected as 

shown in Figure 3-4. Details of the stations are given in Table 3-2. WTMC (Waiau) is where the 

maximum horizontal PGA was recorded and is the closest station to the epicentre. Both WAKC 

(in Waikari) and KIKS (in Kaikōura) are within 60 km of the WTMC station.  

 

Figure 3-4 Three stations for PLUM simulation with the 2016 Kaikōura earthquake. WTMC 
provides an alert to WAKC and KIKS.  

The PLUM algorithm was applied to the shaking data recorded for the three stations, and the 

results are shown in Table 3-2. The algorithm detected shaking above the threshold (≥ 90 

cm/s2; MMI VI) 6 seconds after the origin time at the closest station Waiau (WTMC). According 

to the analysis, this provides 13 seconds prior warning for the Waikari area and 27 seconds 

prior warning for the Kaikōura area, where WAKC and KIKS stations are located, respectively.  
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Table 3-2 Three stations selected for the Kaikōura earthquake, giving location, distance from 
earthquake epicentre, distance from previous station, and maximum shaking at the station. 
PLUM simulation results are the time after the earthquake origin when strong shaking (≥ 90 
cm/s2) was first detected, and the maximum warning time that the station could have received 
from the previous station.  

Station Lat / Lon Distance 
from 

epicentre 

Distance 
from 

WTMC 

PGA max 
horizontal 

(cm/s2) 

Detection 
Time  

Warning 
time  

WTMC 
(Waiau) 

-42.620 / 
173.054 

9 km - 1134 6 s - 

WAKC 
(Waikari) 

-42.963 / 
172.705 

40 km 48 km 147 19 s 13 s 

KIKS 
(Kaikōura) 

-42.426 / 
173.682 

62 km 62 km 256 33 s 27 s 

 

The second earthquake is the 2013 M6.6 Lake Grassmere earthquake (GeoNet ID 

2013p613797) using three stations shown in Figure 3-5. Details of the stations are listed in 

Table 3-3. This earthquake damaged buildings on both sides of Cook Strait, including Seddon 

and Wellington, which are located 50 km away from the epicentre. As it is a lower magnitude 

earthquake than the Kaikōura, this exercise was also performed to identify how PLUM will 

work for that kind of moderate-magnitude earthquake and to understand how an earthquake 

in the northern part of the South Island could issue EEW alerts to Wellington. 

Again, the PLUM algorithm was applied to the shaking data recorded for the three stations, 

and the results are shown in Table 3-3. Strong shaking (PGA ≥90 cm/s2) arrived 7 seconds 

after the origin time at the closest station, Ward, (WDFS) and after 28 seconds, at the Karori 

station (WNKS) as shown in Table 3-3, and at the Kaitoke station (KIRS) after a further 16 

seconds. This indicates that the algorithm would have provided at most 21 seconds warning 

prior to incoming strong shaking for Karori, Wellington, and at most 16 seconds warning for 

Kaitoke. 
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Figure 3-5 Three stations for PLUM simulation with the 2013 Lake Grassmere earthquake. 
WDFS provides an alert to WNKS, and WNKS provides an alert to KIRS. 

Table 3-3 Three stations selected for the Lake Grassmere earthquake, giving location, distance 
from earthquake epicentre, distance from previous station, and maximum shaking at the 
station. PLUM simulation results are the time after the earthquake origin when strong shaking 
(≥ 90 cm/s2) was first detected, and the maximum warning time that the station could have 
received from the previous station.  

Station Lat / Lon Distance 
from 

epicentre 

Distance 
from 

previous 
station 

PGA max 
horizontal 

(cm/s2) 

Detection 
Time  

Warning 
time  

WDFS 
(Ward) 

-41.827 / 
174.138 

14 km - 591 7 s - 

WNKS 
(Karori) 

-41.285 / 
174.742 

67 km 79 km 207 28 s 21 s 

KIRS 
(Kaitoke ) 

-41.077 / 
175.230 

113 km 47 km 119 44 s 16 s 

 

These warning time results do not take into account communication and processing delays, 

which would reduce these warning times. Nevertheless, it is possible to use the results from 

Section 3.1 to consider the data latency. The measurements from Section 3.1 suggest that the 

total data latency ttot would be about 5 seconds, using the current networking parameters. 
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Assuming the processing delay is negligible, then the maximum warning times shown in Table 

3-2 and Table 3-3 will be reduced by up to 6 seconds. The warning times might be reduced by 

only 2 seconds if the changes to the networking parameters suggested in Section 3.1 were 

implemented. Note, these times do not include the delivery time to end users. 

Only a few stations are used for this preliminary testing, and most are around 60 km apart. 

The analysis showed, using recorded data of real earthquakes, that implementing the PLUM 

algorithm for New Zealand is plausible, but the analysis is far too limited to give a reliable 

indication of its performance on the expected range of earthquakes that might occur in the 

near future. 

3.3 Evaluating EXSIM on NZ earthquake data. 

We could improve the testing of the PLUM algorithm on recorded earthquake data by 

expanding the analyses discussed in Section 3.2 to more earthquakes. However, testing the 

PLUM algorithm for a range of earthquakes for an appropriate range of stations and grid 

locations is not possible using the limited recorded data. Recorded data is available for the 

sensor locations only, whereas simulations could generate data for a range of locations and 

various scenarios. The EXSIM simulator, described in Section 2.5 was selected to generate 

synthetic seismograms. 

First, an actual earthquake was selected to simulate using the EXSIM and the synthetic 

waveforms were compared against the recorded data to validate the EXSIM simulation. This 

analysis was useful for calibrating the appropriate parameters for EXSIM and confirming that 

EXSIM is an appropriate tool to generate synthetic seismograms for a wide range of 

earthquakes in NZ for the purposes of testing an EEW algorithm for New Zealand.  

3.3.1 Synthetic seismograms of Darfield earthquake  

The 2010 M7.1 Darfield earthquake was selected to generate synthetic seismograms using 

the EXSIM simulator and to compare them with the real recorded data. The 2010-2011 

Canterbury earthquake sequence, which began with the Darfield earthquake, was the most 

impactful seismic event series in New Zealand since World War II (Berryman, 2012). Given its 

significance, the Darfield earthquake was selected as a useful starting point for analysis. 



 

43 
 

The Darfield earthquake is particularly interesting and useful because it was a relatively 

complex event involving multiple faults (Gledhill et al., 2010), and a rich recorded dataset is 

available (Cousins & McVerry, 2010). This earthquake and its aftershock sequence (Townend 

et al., 2012) provided New Zealand’s most extensive set of strong motion data since recording 

began in the early 1960s (Cousins & McVerry, 2010). It also served as the most significant test 

of GeoNet since its establishment in 2001 (Gledhill et al., 2010). Additionally, fault models for 

this earthquake have been developed by researchers (Holden et al., 2011; Beavan et al., 

2012), which are valuable for simulating the earthquake. 

To run the EXSIM simulation, appropriate parameters had to be selected based on the fault 

models of the Darfield earthquake. Key parameters included the S-wave velocity, the fault 

configuration, and the appropriate hypocentres.   

To choose the S-wave velocity, we considered the model of Ristau (2008) with suggested S-

wave velocities for various levels in both the North Island and the South Island. Following that 

model, an S-wave velocity of 3.7 km/s used in the simulations. The frequency range for the 

simulations was set between 0.05 Hz and 10 Hz. 

Initially, we used the fault model from Holden et al. (2011), simulated using EXSIM. However, 

that model did not include the initial fault near the epicentre. Therefore, the model was 

further refined by including data from Beavan et al (2012), and then adjusting parameters to 

generate seismograms reasonably compatible with the recorded GeoNet seismograms. This 

exercise was useful for adjusting the EXSIM parameters. 

Details of Fault model 

We simulated the two main fault segments named Charing-cross and Greendale with the 

parameters given below. The two main fault segments come from the seismic model of 

Holden et al. (2011).  Also, we have included a fault near the epicentre (the fault which initially 

ruptured) using the model of Beavan et al. (2012). EXSIM requires slip data for the simulation. 

Modelled slip data used in Holden et al. (2011) is used for the Charing-cross and Greendale 

segments as reported in GNS Science (2017). Beavan et al. (2012) uses slip data based on GPS 

data which includes slip from aftershocks and therefore overestimates the slip during the fault 

rupture and is therefore unreliable for the ground motion simulation. Therefore, the 
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simulation used random slip distribution for the initial fault. The fault segments are shown in 

Figure 3-6 and the parameters shown in Table 3-4 were used for the simulation.  

The simulation results which were generated using the fault model, agreed with the observed 

data reasonably well (and better than the results of an earlier model we tested. The results 

are described in the following section. 

Table 3-4 Parameters of fault model  

Fault Rupture 
start 

time (s) 

Magni- 
tude 

Strike Dip Fault 
type 

Fault size 
(length x 
width) 

 

Hypo location 
(along-fault, 

down-dip 
distance) 

A. Initial fault 
near epicenter 

0.00 6.2 150 54 
strike-

slip 
9 km x 9 

km 
4 km, 4 km 

B. Charing 
Cross 

3.00 5.8 040 65 reverse 
20 km x 
20 km 

10 km, 3 km 

C. Greendale 6.63 6.9 266 82 
strike-

slip 
40 km x 
20 km 

30 km, 10 km 
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Figure 3-6 Darfield earthquake fault segments and slip distribution – fault model.  
The circles represent the hypocentre of each sub-fault and the squares represent the four 
corners of the faults (red: fault (a), green: fault (b), blue: fault (c)). The larger squares are the 
EXSIM ref point (upper corner) of each fault. The blue lines are the tops of the faults. The rows 
of small coloured circles projecting from the tops of the faults show the slip distribution at 
each point down the fault according to the colour scale where black=0m, yellow=5m. The red 
star is the GeoNet hypocentre of the event. The white inverted triangles are the stations.  

3.3.2 Comparison of the synthetic and GeoNet data 

The data recorded by the 32 GeoNet stations within 127 km of the epicentre was compared 

with the synthetic data generated by the simulation. The 127 km limit was chosen because 

these 32 stations include the GeoNet stations that experienced 14 cm/s2 or greater shaking. 

14 cm/s2 (i.e., 1.4% g) is considered as the threshold for the MMI IV shaking (Wald et al., 

1999). According to the GeoNet strong motion data (GNS Science, 2022) these 32 stations 

have the best signal-to-noise ratio. 

We first present a summary of the key differences between the synthetic data and GeoNet 

data across all the stations, then give more detailed comparisons of the synthetic and GeoNet 

seismograms for three of the stations. 

Charing Cross fault 

Greendale fault 

Initial fault  
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Figure 3-7Error! Reference source not found. shows the locations of the stations,  and uses 

colour to show the PGA differences between Synthetic and GeoNet data, relatively as 

percentage with more intense colours indicating greater differences.  

 

Figure 3-7 Comparison of Synthetic and GeoNet PGA data. Circles represent the station 
locations, circle colour represents the difference between the PGA in synthetic and GeoNet 
data ((Syn-GeoNet)/GeoNet), blue: synthetic PGA < GeoNet PGA; red: synthetic PGA > GeoNet 
PGA.  

The colours of the circles show the relative differences in PGA. There are a few stations around 

the faults where the synthetic PGA values are higher than the GeoNet data, but most of the 

circles are light blue or light red and are considered acceptably close results. There are a few 

underestimated synthetic PGA results (dark blue) in the east towards Christchurch City, 

probably caused by the direction of the earthquake rupture. The PGA values are shown as a 
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scatter plot in Figure 3-8Error! Reference source not found., and it is indicated that the three 

stations close to the epicentre have a slightly higher synthetic PGA compared to the GeoNet 

values. However, for the other stations, the synthetic PGA is on the lower side and within a 

reasonable range. 

 

Figure 3-8 Comparison of modeled (synthetic) and observed (GeoNet) PGA Values. The data 
recorded by the 32 GeoNet stations within 127 km of the Darfield earthquake epicentre was 
compared with the synthetic data generated by the simulation 

The purpose of the simulation data is to evaluate the PLUM algorithm. A critical value in PLUM 

is the level of shaking that triggers the detection, so we need to determine whether both 

synthetic and actual data triggered the detection at the same time or not. At this point, we 

are using the arbitrary detection threshold of 50 cm/s2. This threshold is within category V 

MMI, and is a reasonable initial value, but later analyses will explore other thresholds.  

The colour of the triangles in Figure 3-9Error! Reference source not found. represent the 

detection time difference between the synthetic and GeoNet data for the PLUM algorithm, 

calculated with the 50 cm/s2 threshold. For most of the stations that detected shaking, the 

synthetic detection time is slightly after, or the same as, the GeoNet detection time (less than 

3 seconds). For one station (SPE), the synthetic detection time is more than 5 seconds after 

the Geonet detection time, and for two stations to the northeast of the hypocentre, the 

synthetic detection time is a few seconds before the GeoNet detection time. 
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Figure 3-9 Comparison of Synthetic and GeoNet detection time data. triangles represent the 
station locations, triangle colour represents the time difference between detection of 50 cm/s2 
shaking in synthetic and GeoNet data (blue: synthetic before GeoNet; red: synthetic after 
GeoNet). Grey triangles indicate stations where the shaking did not reach 50 cm/s2.  
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Figure 3-10 shows the synthetic seismograms and actual GeoNet data for the DFHS station 

which is located on the initial fault segment and also within 7 km of the epicentre. Synthetic 

seismograms of each of the three separate fault segments and the combination of the three 

seismograms are shown in the figure along with two horizontal channels of GeoNet recorded 

data. The first line illustrates the synthetic seismogram for the initial fault segment near the 

epicentre. PGA and detection time of the shaking (the time to exceed the PLUM threshold) of 

each waveform are also mentioned in the label above the waveform. The second line is the 

synthetic seismogram of the Charing-cross fault, and the third is the Greendale fault. The 

fourth line shows the combined synthetic seismogram for all faults for this earthquake and 

was used for the testing of the PLUM algorithm. The last two lines illustrate the GeoNet 

recorded waveforms from the two horizonal channels H1 and H2. The maximum PGA and the 

minimum detection time of the two channels were used for the comparisons with the 

synthetic data. 
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Figure 3-10 Comparison of the Synthetic and GeoNet seismograms: DFHS station. Detection 
times of the shaking (the time to exceed the PLUM threshold) are indicated by red vertical 
lines. Note that the Synthetic seismograms are single channel, showing the amplitude of the 
S-wave shaking; the GeoNet seismograms show that the two horizontal components of the 
shaking. 

In the DFHS station, the PLUM alert is activated by GeoNet data within one second of the 

earthquake origin time. For the synthetic data, the alert is generated at 3.3 seconds. The 

reason for this difference in detection time may be the unavailability of P-wave data in the 

synthetic seismograms. As mentioned in Section 2.5, the EXSIM ground motion simulation 

produces S-wave data only and does not generate P-wave data. The data from the GeoNet 

stations, which were located around the fault/epicentre may have sufficient P-wave 

component on the horizontal component to hit the threshold. Therefore, some of the real 

stations near the fault triggered the alert for GeoNet data earlier than for the synthetic 

data.Figure 3-11Figure 3-11 shows the synthetic seismograms and actual GeoNet data for the 

CACS station, which is further from the faults. The distance between the CACS station and the 

epicentre is 30 km. Detection times of the shaking (the time to exceed the PLUM threshold) 

for both synthetic and actual data are consistent, as shown in the figure. The alert detection 

time for the synthetic seismogram is 13.14 seconds. Recorded seismograms of GeoNet 
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sensor’s two horizontal channels H1 and H2 triggered the alert at 11.64s and 14.12s, 

respectively. The latter part of the GeoNet waveforms (after 30 seconds) is not included in 

the synthetic seismogram, as we didn’t simulate the faults which were ruptured after the 

Greendale fault. We did not include those latter faults as our focus is on the initial major faults 

which will trigger the PLUM algorithm. 

 

Figure 3-11 Comparison of the Synthetic and GeoNet seismograms: CACS station.   
Detection times of the shaking (the time to exceed the PLUM threshold) are indicated by red 
vertical lines. Note that the Synthetic seismograms are single channel, showing the amplitude 
of the S-wave shaking; the GeoNet seismograms show that the two horizontal components of 
the shaking. 

Figure 3-12 shows the synthetic and actual waveforms of the DORC station, which is located 

41 km away from the epicentre. The synthetic waveform and two GeoNet horizontal 

waveforms are reasonably equal within the first part of the signals. According to Figure 3-

11Figure 3-11 and Figure 3-12, the generated synthetic seismograms are adequately matched 

with the actual GeoNet waveform data and can be used for the PLUM algorithm testing.  

Simulating the ground motion from an actual earthquake to generate synthetic seismograms 

similar to the recorded data is challenging as it depends on the various parameters including 
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the fault model and the simulator. Nevertheless, these results validate the EXSIM simulation 

as an appropriate tool to test the PLUM algorithm for synthetic earthquakes. 

The Darfield earthquake was simulated considering the published fault model and 

parameters. As it is a multi-fault rupture, it was complex to simulate using EXSIM. To evaluate 

PLUM for a wide range of earthquakes, it is unfeasible and computationally expensive to 

simulate multi-fault ruptures. Therefore, in the later analyses, earthquakes are assumed to 

be single-fault ruptures and simulated accordingly.  

 

Figure 3-12 Comparison of the Synthetic and GeoNet seismograms: DORC station.  
Detection times of the shaking (the time to exceed the PLUM threshold)are indicated by red 
vertical lines. Note that the Synthetic seismograms are single channel, showing the amplitude 
of the S-wave shaking; the GeoNet seismograms show that the two horizontal components of 
the shaking. 

Synthetic earthquake propagation / PGA  

We compared the GeoNet and synthetic seismograms for GeoNet sensor station locations, as 

discussed in the previous section. In addition to the sensor station locations, we also 

generated synthetic seismograms for a region of Canterbury by dividing the region into 
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0.10.1 (≈11 km8 km) grid cells. Synthetic seismograms were generated using EXSIM for 

the Darfield earthquake source parameters (fault model as described in Section 3.3.1), 

considering the middle of each grid cell as the target point. The simulated PGA values for each 

grid point are shown in Figure 3-13. PGA values within 0 to 2 m/s2 are illustrated by a yellow 

to brown colour scale, and all PGA values which are greater than 2 m/s2 are illustrated by a 

black colour. The maximum PGA of 6.43 m/s2 was computed for a grid point (lat: -43.55, long: 

172.25), which is located on the Greendale fault. In addition to that, Figure 3-14Figure 3-14 

illustrates the GeoNet shaking layers map (MMI intensity contours) for the Darfield 

Earthquake. 

 
Figure 3-13 PGA of Synthetic seismograms at grid points across Canterbury. Colour of squares 
shows PGA. PGA≥2 shown in black. The Greendale Fault is marked by a red line. 
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Figure 3-14 GeoNet Shaking Layers Map for the Darfield Earthquake, showing MMI intensity 
contours. Adapted from "Darfield earthquake," by GeoNet, (n.d.), GeoNet  
(https://www.geonet.org.nz/earthquake/felt/3366146) 

3.4 Testing PLUM with 209 synthetic earthquakes in the Canterbury region  

To explore the use of the PLUM algorithm on synthetic data, we performed a test of the basic 

version of PLUM using 209 virtual earthquakes, placed in 209 different locations across 

Canterbury. Canterbury was chosen as the initial region of study because it has a richer 

collection of actual datasets available than other regions, especially from the Canterbury 

earthquake sequence. 

As in Section 3.3, a region of Canterbury within 171.1 to 173.0 longitude and -43.0 to -44.1 

latitude was divided into 1x1 (≈ 11 km x 8 km) grid cells, giving 209 grid locations on land 

for the epicentres of the synthetic earthquakes. An additional border of 0.6 (6 grid cells), 

with no earthquakes, gave a larger region of 459 grid locations on land within 170.5 to 173.6 

longitude and -42.4 to -44.7 latitude. Figure 3-15 illustrates the region and the grid cells. 

https://www.geonet.org.nz/earthquake/felt/3366146
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The border area was chosen to include all stations within 60km of the central region, since 

these stations could provide alerts to grid cells in the central region if the PLUM warning 

radius is at most 60 km. 33 GeoNet station locations (strong motion sensors) were used within 

the larger region. 

 

Figure 3-15 Canterbury region with grid containing 459 grid cells. The 209 earthquakes are 
located in the grid cells containing a red star. The labeled black triangles are the locations of 
the sensor stations. 

The properties of the 209 similar virtual earthquakes (earthquakes are shown in Figure 3-15) 

were chosen to understand/evaluate the PLUM algorithm for the region, considering the 

following factors. 
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• magnitude 6.5: large enough to cause damage, but not so large that all parts of the 

region would experience MMI V or above (PLUM threshold) shaking, therefore, it is a 

better test of PLUM. 

• Single fault: As described in Section 3.3.2, it is unnecessarily complex to handle 

multiple faults, and defining a single fault for the earthquake magnitude is a 

reasonable choice. 

• Simple strike-slip shallow fault: typical of earthquakes in that region that can cause 

damage.  

First, the ground motion from all 209 earthquakes was simulated using the EXSIM parameters 

listed in Table 3-5. For each earthquake, synthetic seismograms for all 459 grid points and for 

all 33 stations were generated. All the grid points were assumed to have site class D, but the 

sensor stations were allocated the site classes listed in Kaiser et al. (2017b). 

Table 3-5 EXSIM parameters for simulation. 

Parameter Value 

Magnitude 6.5 

Stress 9 MPa 

Fault size 10 x 10 km 

Fault type Strike slip 

Strike 0  

Dip 90 

Depth of top of the fault 1 km 

Hypocentre location along-fault 5 km 

Hypocentre location down-dip distance 5 km 

Slip pattern Random 

S-wave velocity 3.7 km/s 

Synthetic seismograms S-wave only 

 

The 102,828 synthetic seismogram data sets (459*209+ 33*209) were then used to test the 

PLUM algorithm. For each earthquake, synthetic seismograms at each station were used to 

determine when the station would first detect strong shaking (above 38 cm/s2) and therefore 

issue an alert and synthetic seismograms at each grid point were used to determine the arrival 

time of strong shaking at the grid point. The threshold of 38 cm/s2 was chosen as it is at the 
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lower level of MMI V, which can cause some level of damage (GNS Science, 2023a). The 

timeliness of an alert was computed by comparing the alert receiving time and the arrival 

time, taking the communication delay into account. As in Section 3.2, to determine the arrival 

time of the strong shaking, the algorithm looked for a sequence of 6 samples of the 

acceleration (0.03 s for the 200 Hz data, which were above the threshold of 38 cm/s2). This 

was modelled on the example of the Japanese system, which used a sliding window on the 

sequence of samples to determine the shaking level. 

3.4.1 Performance for different warning radii. 

Performance of the PLUM algorithm for different warning radii was evaluated using the 

generated synthetic seismogram data and the following performance measures for each grid 

cell. 

• CTA (correct timely alerts): number of alerts received before strong shaking arrived. 

• LA (late alerts): number of alerts received after strong shaking arrived. 

• MA (missed alerts): number of times strong shaking arrived but no alert was received 

although there was at least one station within the PLUM warning radius. 

• MANS (missed alerts due to low station density): number of times strong shaking 

arrived but no alert was received because there was no station within the PLUM 

radius. 

• FA (false alerts): number of alerts that were received, but no strong shaking arrived. 

• NANS (no alerts, no shaking): the number of times no alert was received, and no strong 

shaking arrived. 

• MLA (missed or late alerts): LA+MA+MANS 

The communication and processing delay was assumed to be 2 seconds (see Section 3.1) in 

determining correct timely alerts vs late alerts. Correct timely alerts (CTA) enable 

precautionary actions (or automated actions) before the shaking arrives; late or missing alerts 

(LA, MA, MANS) do not allow precautionary actions, so they are grouped together as MLA 

(missed or late alerts). 

Because some grid cells receive more shaking events than others, it is important to use 

normalized values to compare the performance at different grid cells. Normalized CTA for a 
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grid point is the fraction of strong shaking events for which a correct timely alert was received. 

CTAnorm is obtained by dividing the CTA for a grid point by the number of strong shaking 

events received by the grid point, as shown in equation 3.1. Similarly, the normalized MLAnorm 

is shown in equation 3.2. 

𝑪𝑻𝑨𝒏𝒐𝒓𝒎 =
𝑪𝑻𝑨

𝑵𝒐 𝒐𝒇 𝒔𝒉𝒂𝒌𝒊𝒏𝒈𝒔≥𝑻𝒉 
=  

𝑪𝑻𝑨

𝑪𝑻𝑨+𝑳𝑨+𝑴𝑨+𝑴𝑨𝑵𝑺 
 (3.1) 

𝑴𝑳𝑨𝒏𝒐𝒓𝒎 =
𝑳𝑨+𝑴𝑨+𝑴𝑨𝑵𝑺

𝑵𝒐 𝒐𝒇 𝒔𝒉𝒂𝒌𝒊𝒏𝒈𝒔≥𝑻𝒉 
=

𝑳𝑨+𝑴𝑨+𝑴𝑨𝑵𝑺

𝑪𝑻𝑨+𝑳𝑨+𝑴𝑨+𝑴𝑨𝑵𝑺 
 (3.2) 

For the same reason, the normalized FA for a grid cell is the fraction of non-strong shaking 

events for which a false alert was received. FAnorm is obtained by dividing FA by the number 

of earthquakes which did not produce strong shaking (i.e., shaking < threshold) at the given 

grid location, as shown in equation 3.3. Similarly, the normalized NANSnorm is obtained by 

equation 3.4. 

𝑭𝑨𝒏𝒐𝒓𝒎 =
𝑭𝑨

 𝑵𝒐 𝒐𝒇 𝒔𝒉𝒂𝒌𝒊𝒏𝒈𝒔<𝑻𝒉
=

𝑭𝑨

 𝑭𝑨+𝑵𝑨𝑵𝑺 
  (3.3) 

𝑵𝑨𝑵𝑺𝒏𝒐𝒓𝒎 =
𝑵𝑨𝑵𝑺

 𝑵𝒐 𝒐𝒇 𝒔𝒉𝒂𝒌𝒊𝒏𝒈𝒔<𝑻𝒉 
=  

𝑵𝑨𝑵𝑺

𝑭𝑨+𝑵𝑨𝑵𝑺 
 (3.4) 

Figure 3-16 and Figure 3-17 show the geographical distribution of CTAnorm and FAnorm 

performance of the PLUM for all 209 earthquakes with 30 km PLUM radius and 38 cm/s2 (MMI 

V) shaking threshold (Wald et al., 1999). The purple rectangles show the inner region with the 

locations of the 209 earthquakes.  

In Figure 3-16 the size of each coloured square represents the number of strong shakings 

received by that given grid location (the largest square represents 27 shakings, and the 

smallest square represents 2 shakings). The colour of each square shows the fraction of alerts 

that were correct and timely (CTAnorm). Dark blue means 100% correct timely alerts are 

received by the given grid point. Dark red means 0% CTAnorm (in other words 100% MLAnorm). 

A light color between pink and blue represents 50% correct timely alerts. 

In Figure 3-17, the size of each coloured square represents the number of times the grid 

location did not receive strong shakings (the inverse of Figure 3-16), and the colour shows the 

fraction of those events that received a false alert. For much of the region (dark blue), there 
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were very few false alerts, but the fraction is higher around Christchurch City, especially 

immediately to the west of the city. 

 

Figure 3-16 Fraction of Correct Timely Alerts for 209 synthetic earthquakes in the Canterbury 
region. PLUM radius=30 km, threshold=38 cm/s2. The purple rectangle shows the inner region 
with the locations of the 209 earthquakes. The labeled triangles are the sensor stations. The 
orange rectangle indicates the grid cells covering Christchurch City. Square size represents the 
number of strong shaking events at the grid cell (the largest square represents 27 shakings, 
and the smallest square represents 2 shakings). Square colour represents CTAnorm: the fraction 
of alerts that were correct and timely. Blue = 100% CTA, red = 0% CTA, a light color between 
pink and blue = 50% CTA. 
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Figure 3-17 Fraction of False Alerts for 209 synthetic earthquakes in the Canterbury region. 
PLUM radius=30 km, threshold=38 cm/s2. The purple rectangle shows the inner region with 
the locations of the 209 earthquakes. The small white triangles are the sensor stations. The 
orange rectangle indicates the grid cells covering Christchurch City. Square size represents the 
number of earthquakes that did not generate strong shaking events at the grid cell. Square 
colour represents FAnorm: the fraction of those events for which there were false alarms. Blue 
= 0% FA; red = 100% FA. 

To evaluate the performance of PLUM at different warning radii, we summed the measures 

of the performance across all the grid cells in the region, and compared them at different 

warning radii. There were a total of 3,430 strong shaking events across all the grid cells, and 

92,501 events where the shaking never reached the strong shaking threshold.  

Table 3-6 shows the totals of the basic performance indicators for 30 km, 40 km, 50 km and 

60 km radii. The column for CTA/(CTA+MLA) shows the percentage of all strong shaking 

events for which there was a correct timely alert and the column for FA/(FA+NANS) shows 

0   25      50         75         100 
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the percentage of all non-strong shaking events for which there was a false alarm. Figure 3-

18 shows a graph of the values of CTA, MLA and FA. Table 3-7 gives the values of the 

normalised metrics CTAnorm and FAnorm averaged over all the grid cells at the different 

warning radii. 

It is clear that both the number and fraction of correct timely alerts increases with the warning 

radius, but the number (and fraction) of false alarms also increases more rapidly.  

Table 3-6 PLUM performance over whole Canterbury region, basic metrics. Entries give the 
total of each metric over all grid cells. 209 earthquakes, threshold=38 cm/s2. PLUM radius of 
30 km, 40 km, 50 km, 60 km.  

PLUM 
radius 

CTA LA MA MANS MLA  CTA / 
(CTA+MLA) 

FA NANS FA/ 
(FA+NANS) 

30 km 1215 1150 736 329 2215 35% 4909 87592 5% 

40 km 1341 1276 787 26 2089 39% 8665 83836 9% 

50 km 1364 1318 748 0 2066 40% 12814 79687 14% 

60 km 1367 1330 733 0 2063 40% 17695 74806 19% 

 

 

Figure 3-18 Total of CTA, MLA and FA at different PLUM radii. 
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Table 3-7 PLUM performance over whole Canterbury region, normalised metrics. Entries give 
the average of the normalized metrics over all grid cells. 209 earthquakes, threshold=38 cm/s2. 
PLUM radius of 30 km, 40 km, 50 km, 60 km. 

PLUM radius Average CTAnorm Average FAnorm 

30 km 29% 6% 

40 km 32% 10% 

50 km 33% 14% 

60 km 33% 20% 

 

Figure 3-16 and Figure 3-17 suggest that PLUM with a warning radius of 30 km would work 

well around Christchurch City, providing correct timely alerts for almost all the earthquakes 

that generated strong shaking near the city and a small number of false alerts. However, 

PLUM does not appear to work as well away from Christchurch City where there are far fewer 

sensors, especially in the western half of the region. The summary results illustrated in Table 

3-6 and Figure 3-18 show that increasing the warning radius improves the number of correct 

timely alerts, but at a cost of increasing the number of false alerts. There was a significant 

10% improvement in CTA by increasing the radius from 30 km to 40 km, though the false alert 

rose by 76%. Beyond 40 km, there is no significant improvement on CTA but a continued 

noticeable rise in false alerts. 

The next two sections explore ways of adding new sensor stations to improve the 

performance of PLUM in this region. 

3.4.2 Adding new stations. 

One of the important parameters of the PLUM algorithm is the warning radius, because a 

station will only issue an alert to locations within that radius – if the radius is 30 km, a sensor 

station may issue the alert to the grid points within the 30 km and not beyond that – and 

therefore far away grid points may have to wait until a sensor station within 30 km detects 

the earthquake. If there is a grid point that has no stations within the warning radius, then it 

can never receive a warning.  

The analysis in Section 3.4.1 used 33 actual GeoNet sensor locations (the stations with good 

data for the Darfield earthquake). If there are some grid points that do not have any stations 

within 30 km, this would contribute to the poor performance of PLUM in some parts of the 
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Canterbury region. The station density of the selected region was analysed and the results 

shown in Table 3-8. 99 grid points have no station within 30 km, which reduces to only 4 grid 

points at 50 km. Within the central region (the purple rectangle containing the locations of 

the 209 earthquakes), only 22 grid points have no station within 30 km, reducing to 2 grid 

points at 40 km. Clearly, this will limit the number of correct timely alerts that are possible for 

a warning radius of 30 km or 40 km. Note that even if every grid point was within the warning 

radius of at least one sensor, correct timely alerts are still not guaranteed since the relative 

locations of the earthquake, the station and the grid point will affect whether the station is 

able to issue a timely alert to the grid point so that adding stations is likely to also improve 

the performance with warning radii of 50 km and 60 km. 

Table 3-8 Sensor station density in the Canterbury region. 

Distance from 

grid to closest 

station  

Grid points having no 

station within radius. 

(Out of all 459 points) 

Grid points in central region having no 

station within radius. 

(Out of 182 points in central region) 

> 30 km 99 22 

> 40 km 30 2 

> 50 km 4 0 

> 60 km 1 0 

 

We performed an analysis to explore how many new stations would need to be added to 

ensure that there is at least one station within 30 km of each grid point in the central region, 

and then re-evaluated the PLUM algorithm with the four different warning radii. The following 

algorithm was used to find the new station locations to improve the density: 

Algorithm to add stations. 

While minimum grid-to-station distance for all grid points in central region < 30 km: 

Calculate minimum grid-to-station distances for each grid point in central region. 

Find the grid point with the maximum grid-to-station distance.  

Place new station at this grid point. 

The algorithm found the five new station locations shown in Figure 3-19. These stations were 

sufficient to ensure that each grid point within the central region would have at least one 

station within 30 km. 
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We then ran the PLUM analysis again, including those five new stations, and the performance 

of PLUM improved. The differences in the CTAnorm before and after adding new five stations 

for a warning radius of 30 km are illustrated in Figure 3-20 (a) and (b). The improvement in 

performance can be seen particularly in the reduced intensity of the red squares near the new 

stations, especially on the west and north of the region, after adding stations. However, the 

differences do not stand out clearly. 

 

Figure 3-19 Five new station locations, shown as yellow triangles, that improved station 
density to ensure that all grid points in the the central region are within 30 km of at least one 
station. The existing thirty-three GeoNet stations are shown as black triangles. 

The improvement can also be seen in the metrics totaled over the whole region as shown in 

Table 3-9 and Table 3-10, which tabulate the results for warning radii from 30 km to 60 km. 

At every warning radius, the total CTA increased and the total MLA decreased, but the total 

FA also increased. The average CTAnorm also increased quite substantially. With the added 
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Figure 3-20 CTAnorm for warning radius 30 km after adding 5 stations. (a) (same as Figure 3-
16), with only the original 33 stations, marked as small black triangles; (b) with 5 additional 
stations, marked with yellow triangles. As in Figure 3-16, size of squares represents the 
number of strong shaking events in the grid cell and colour of squares represents the value of 
CTAnorm. 

(a) Original 33 stations 

(b) Added 5 new stations 
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stations, the total CTA and average CTAnorm were a bit higher at a warning radius of 40 km 

than 30 km, but increasing from 40 km to 50 km or 60 km made less difference. A more 

detailed analysis of the changes to the MLA (= LA+MA+MANS) shows that the MANS 

component reduced to 0 (by design) and the number of missing alerts decreased, but the 

number of late alerts increased: adding stations increased the number of alerts that could be 

given, but around half of the new alerts appear to be late alerts or false alerts.  

Table 3-9 PLUM performance before and after adding 5 new stations: total CTA (correct timely 
alerts), total MLA (missing and late alerts), and average CTAnorm for the original 33 stations, 
for the 38 stations, and the percentage change. 

Warning 

Radius 

Total CTA Total MLA  Average CTAnorm 

Original Added Change Original Added Change Original Added Change 

30 km 1215 1408 +16% 2215 2022 –9% 29.0% 39.1% +35% 

40 km 1341 1583 +18% 2089 1847 –12% 32.4% 44.2% +37% 

50 km 1364 1618 +19% 2066 1812 –12% 33.3% 46.1% +39% 

60 km 1367 1622 +19% 2063 1808 –12% 33.3% 46.2% +39% 

 

Table 3-10 PLUM performance before and after adding 5 new stations: total FA (false alerts) 
for the original 33 station, for the 38 stations, and the percentage change. 

Warning 

Radius 

Total FA Average FAnorm 

Original Added Change Original Added Change 

30 km 4909 5629 +15% 5.6% 6.4% +14% 

40 km 8665 10143 +17% 9.8% 11.4% +16% 

50 km 12814 15254 +19% 14.4% 17.1% +19% 

60 km 17695 21242 +20% 19.8% 23.7% +20% 

 

It is clear that there was a significant improvement in early warning alerts and that improving 

station density improves the performance. However, the algorithm uses a greedy approach 

that finds a local optimum solution for each iteration—the grid point that is furthest from its 

nearest station—and does not necessarily provide the global optimum solution. It would be 

computationally expensive to find the global optimum solution and this was not considered 

in this analysis. Furthermore, the algorithm only considers the distance of grid points from 
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stations and does not take into account the effect on PLUM performance or that the optimum 

locations for new stations may depend on other factors such as population density.  

The algorithm above improved the station density by adding enough stations to ensure all 

grid points were within 30 km of at least one station but ignored performance. To address the 

problem of ignoring the effect on performance of adding stations, we conducted a further 

analysis to determine the best new station location for obtaining optimal PLUM performance. 

In this analysis, a station was added separately at each grid point within the central region 

and the performance of PLUM (30 km warning radius) was measured in each case with two 

different measures—total CTA and average CTAnorm. The maximum total CTA was achieved 

by including a new station at a grid point in the south-west of the region at (lat: -43.85, long: 

171.45) as shown by the yellow triangle in Figure 3-21. Adding this station improved the total 

CTA by 8.7%, as shown in Table 3-11. The maximum average CTAnorm was achieved by 

including a new station at a grid point further to the south-west, at (lat:-44.05, long: 171.15), 

as shown by the green triangle in Figure 3-21. Adding this station improved the average 

CTAnorm by 12.7%. 

The analysis was repeated at warning radii of 40 km, 50 km and 60 km. When optimising for 

total CTA, the optimal new station locations for these warning radii was the same as for the 

30 km radius, but the gain in CTA was lower than for 30 km radius. When optimising for 

average CTAnorm, the optimal new station location for the higher radii was different from the 

30 km radius, and the gain in CTAnorm was higher. The changes in performance when 

optimising for total CTA or average CTAnorm at each warning radius are shown in Table 3-11.  

Table 3-11 PLUM performance when adding one new station at a location optimized for total 
CTA or a location optimized for average CTAnorm. Shows the total CTA and average CTAnorm 
before and after adding the station and the percentage change. 

Warning 
radius 

Total CTA 
(Optimising for Total CTA) 

CTAnorm  

(Optimising for Average CTAnorm) 

Original Added Change Original Added Change 

30 km 1215 1321 8.7% 29% 33% 12.7% 

40 km 1341 1453 8.4% 32% 39% 17.5% 

50 km 1364 1478 8.4% 33% 40% 16.9% 

60 km 1367 1481 8.3% 33% 40% 16.9% 
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Figure 3-21 Optimal position for a single new station for a warning radius of 30 km considering 
the CTAnorm. Green triangle shows location for maximising the improvement in the average 
CTAnorm across the region . As in earlier figures, the colour of the squares shows the value of 
CTAnorm at each grid point. (Yellow triangle shows location for maximising the improvement 
in the total CTA across the region). 

Comparing the results in Table 3-9 and Table 3-11, with a 30 km warning radius, adding one 

station at the optimal location for total CTA gives over a half of the gain of adding five stations 

that minimise distance from grid points to stations, and adding one station at the optimal 

location for average CTAnorm gives over one third of the gain of adding five stations that 

minimise distance from grid points to stations.  
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These results strongly suggest that when choosing a new location for a station, it is useful to 

consider the effect on the performance of the EEW system rather than just seeking to improve 

the station density. 

This section is only focused on adding stations to improve the performance of a PLUM-based 

EEW system, showing how the results of the simulation of the PLUM system could be used to 

contribute to the placement of new stations. The section does not address the broader issue 

of determining the best locations for new stations in general, for which there is an extensive 

literature (Böse et al., 2022b; Kuyuk & Allen, 2013; Oth et al., 2010; Petersen et al., 2011; 

Rawlinson et al., 2012) and many more considerations than are addressed here. 

3.4.3 Population density and PLUM for Canterbury region 

A problem with the analyses in the previous sections is that they ignored the population 

distribution. The main goal of an EEW system is to protect people and infrastructure (Becker 

et al., 2020a). Therefore, the distribution of the population is an important factor for analysing 

the outcomes of earthquake early warning algorithms. This section takes the population 

density of New Zealand into consideration to analyse the results of the PLUM algorithm. 

We obtained population data from WorldPop (2020). The spatial resolution of this data is 30 

arc-seconds (0.0083°), giving an area of approximately 0.62 km2 for each data cell. We used 

the data to calculate an average population density in each grid cell.  

Figure 3-22 shows the population density across the Canterbury region. The colour of each 

square shows the average population density of the grid cell on a logarithmic scale where 

yellow is the highest and black is the lowest. Gray grid cells mean the population density is 

less than 1 per WorldPop data cell. Note that for the cells on coastline, the population density 

is averaged just over the land component of the cell. The population is mainly concentrated 

in Christchurch, with two smaller concentrations to the south (Ashburton and Timaru), but a 

very low population in the western part of the region. 

It is clear that the performance of PLUM in the high density grid cells, mainly Christchurch, is 

much more significant than the performance in the low density grid cells, especially in the 

west. To make the performance measures reflect this, the key performance measures—

Average CTAnorm and Average FAnorm—should be weighted averages of the CTAnorm and 
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FAnorm values of each grid cell, where the values are weighted by the population density of 

each grid cell, as in equations 3.5 and 3.6 

Population − weighted 𝑪𝑻𝑨𝒏𝒐𝒓𝒎 =
∑ ( 𝑪𝑻𝑨𝒏𝒐𝒓𝒎𝒈

𝟒𝟓𝟗
𝒈=𝟏  ×𝒑𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏 𝒅𝒆𝒏𝒔𝒊𝒕𝒚 𝒈)

∑ 𝒑𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏 𝒅𝒆𝒏𝒔𝒊𝒕𝒚𝒈
𝟒𝟓𝟗
𝒈=𝟏

 (3.5) 

Population − weighted 𝑭𝑨𝒏𝒐𝒓𝒎 =
∑ ( 𝑭𝑨𝒏𝒐𝒓𝒎𝒈

𝟒𝟓𝟗
𝒈=𝟏  ×𝒑𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏 𝒅𝒆𝒏𝒔𝒊𝒕𝒚 𝒈)

∑ 𝒑𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏 𝒅𝒆𝒏𝒔𝒊𝒕𝒚𝒈
𝟒𝟓𝟗
𝒈=𝟏

 (3.6) 

 

 

Figure 3-22 Population density of Canterbury region with average population density of each 
cell shown on a logarithmic colour scale. Gray cells have a population density under 1 person 
per data-cell (approximately 100 persons per grid cell). 
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The unweighted and weighted performance measures for the four different warning radii are 

shown in Table 3-12. At 30 km warning radius, the population-weighted correct timely alerts 

is 36% higher than the unweighted measure, but the population-weighted false alerts is 234% 

higher than the unweighted measure. This is consistent with the high fraction of correct 

timely alerts in the Christchurch region (see Figure 3-16) and the high concentration of the 

false alerts also in the Christchurch region (see Figure 3-17). For the larger warning radii, the 

population-weighted correct timely alerts is up to 56%. The population-weighted false alerts 

is also high, but not as dramatically higher than the unweighted measure as for the 30 km 

warning radius. With the population-weighted measures, it is still the case that the 40 km 

warning radius seems to give a significant improvement over the 30 km warning radius, but 

little improvement when the radius increases further to 60 km. 

Table 3-12 Population-weighted performance measures compared to the unweighted average 
performance measures. 

Warning 
radius 

Average 

CTAnorm 

Population 
weighted 
CTAnorm 

Change Average 

FAnorm 

Population 

weighted 

 FAnorm 

Change 

30 km 29% 40% +36% 5.6% 19% 234% 

40 km 32% 55% +71% 9.8% 25% 159% 

50 km 33% 56% +67% 14.4% 32% 124% 

60 km 33% 56% +67% 19.8% 40% 99% 

 

We also recalculated the best location to add a new station based on the population-weighted 

performance measures. Rather than adding a station in the far south-west of the central 

region (lat:-43.85, long: 171.45, see Figure 3-21), taking population density into account 

identified a location in the north-east, just north of Christchurch (lat:-43.65, long: 172.95). 

This is not surprising since it is clear that the best location to include a new station is likely to 

be around a densely populated area even though there are lots of other stations around. 

3.5 Conclusions and limitations 

This chapter discussed preparatory analyses that led to the more substantial analyses 

reported in Chapters 4 and 5. The overall conclusions and limitations of these preliminary 
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analyses are discussed in this section. The identified limitations are addressed in the design 

of the analyses reported in Chapters 4 and 5. 

The GeoNet sensor latency experiments in Section 3.1 showed that it is possible to obtain 

most of the strong motion sensor data within two seconds of latency from the sensors if some 

modifications are applied to data acquisition devices to reduce the packet size. Therefore, it 

is reasonable to evaluate the PLUM EEW algorithm considering two second data latency. It 

may be possible to reduce the latency further by pre-processing done at the data acquisition 

devices of the sensor stations and sending the required information only (i.e., an “above the 

threshold” signal), and future NZ EEW system designers could consider that. 

According to the analyses of Section 3.3, the EXSIM simulator is a reasonable ground motion 

simulator which could produce reasonable seismograms similar to the actual recorded data 

within the fault model and simulation uncertainties. Therefore, it is acceptable to use EXSIM 

to generate synthetic waveforms for the analyses of the thesis. 

The Canterbury region PLUM analysis discussed in Section 3.4, which used 209 synthetic 

earthquakes, showed that a collection of synthetic earthquakes can be effectively used to 

measure the performance of the PLUM algorithm. That analysis suggested that a 30 km 

warning radius, as used in Japan, is not large enough for Canterbury. A 50 km or 60 km 

warning radius gives more correct timely alerts, but also gives a much higher number of false 

alerts. The results suggest 40 km warning radius might be a reasonable compromise. 

Unsurprisingly, the performance of PLUM was much better in the parts of the Canterbury 

region with a higher density of stations, and was very poor in the western part of the region 

where there is a very low density of stations. The analysis involving the addition of new 

stations showed that it is possible to use the simulated PLUM performance to determine 

appropriate locations to add stations. It also suggested that the new station locations should 

be identified by considering the EEW performance metrics if it is going to expand the existing 

sensor network for EEW purposes. 

The chapter also explored a set of performance measures for PLUM and ways of presenting 

the outcome of the analyses, but also identified limitations of the measures and the methods.  

The limitations of the analyses discussed in this chapter are presented below. 
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The set of 209 M6.5 earthquakes in the Canterbury PLUM analysis has an unrealistic 

distribution as they all have the same magnitude and have a uniform geographical 

distribution. This does not give a reliable prediction of the performance of PLUM on real 

earthquakes over the near future (next 100 years).  

Even though the ground motion from the Darfield earthquake was simulated with realistic 

parameters, some parameters of the synthetic earthquakes are not realistic for the region, 

e.g., a strike of 0 degrees. 

The list of sensor stations used in the analysis were obtained from GeoNet strong motion data 

tool but do not include all the stations that are now available. The 33 stations used were the 

ones with high-quality sensor data for the Darfield earthquake (GNS Science. (2022) and the 

analyses assumed a sensor infrastructure similar to that during the time of the Darfield 

earthquake. Further, GeoNet is constantly adding new stations and removing some old 

stations. Therefore, it is necessary to use a more up-to-date list of the current sensor stations.  

There are slightly different versions of the PLUM algorithm that were tested in Japan and the 

US West Coast (Kilb et al., 2021). A simple version of the PLUM algorithm (single station 

detection) was used in these preparatory analyses to understand the PLUM operation and to 

design the framework to test it. A six consecutive samples window is used to reduce 

noise/error, but there is no confirmation with additional stations, so that the algorithm would 

be affected by noise from the sensors. Therefore, it has an optimistic prediction of the 

performance of PLUM, assuming less or no noise signals. 

The detection of shaking was based on an approximation to the Japanese window method 

(Kodera et al., 2018; Yamamoto et al., 2008) which does not correspond well to the MMI 

measures used in NZ. The simulation also did not take into account the amplification factors 

for the site class and simply assumed that all the grid points were site class D. 

The building blocks of the performance metrics were discussed in Section 3.4.1, but the 

performance metrics are not as informative as they should be. Firstly, the metrics do not 

distinguish two kinds of false alerts. Where an alert was received but there was no noticeable 

shaking, the alert is a genuine false alarm that will annoy end-users and is very undesirable 

for a real EEW system. Where an alert was received and shaking occurred which was 

noticeable but not strong, then the end users are much less likely to be annoyed, and such 
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alerts are much less of a problem for an EEW system. These latter alerts would be better 

classified as “precautionary alerts”. Treating precautionary alerts as false alarms in the 

performance measures is overly strict (Saunders et al., 2022a) and does not provide a useful 

measure for the effectiveness of the EEW algorithm. According to a survey by Goltz et al. 

(2024) regarding U.S. West Coast EEW, there was limited user preference for restricting alerts 

only to instances of damaging shaking. 

Further, the normalisation of False Alerts did not produce a very informative measure. The 

number of false alerts was normalised against the total number of no-shaking events (FA + 

NANS). A grid point is labelled as NANS if an earthquake happened within or around the 

region, but the grid point receives no shaking above the threshold, and does not receive any 

alert. This means that FAnorm represents the times that an alert was received as a fraction of 

the times an alert should not have been received. However, the number of times an alert 

should not have been received is only well defined in a simulation where the number of 

earthquakes is well defined. It would be more appropriate to normalise FA against the total 

number of alerts (all types of alerts) received by a grid location. 

In this chapter, missed alerts were categorised into two types. However, the distinction 

between missed alerts due to all the stations being too distant and ordinary missed alerts was 

not helpful. 

Finally, some of the ways that population density was taken into account led to measures that 

were hard to interpret, particularly the population-weighted CTAnorm and FAnorm. It would 

be better to weight by population of the grid cells rather than population density. 

Even though this Chapter didn’t present any strong conclusions about PLUM algorithm 

performance in NZ, the exercises were very useful in designing the more useful analyses 

described in Chapters 4 and 5.  
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Chapter 4  Evaluating PLUM on the 

Canterbury Region 

4.1 Introduction  

EEW systems rely on the input data coming from ground motion sensors. Therefore, 

earthquake ground motion waveform data is required to test the EEW algorithms. The best 

way is to use the data recorded by seismographs during past earthquakes. Although there is 

recorded data in New Zealand, it is insufficient for comprehensive analysis. Thus, we used the 

synthetic earthquake grid catalogue in the previous chapter and simulated synthetic 

seismograms to conduct a preparatory analysis to identify the performance of the PLUM 

algorithm to issue EEW for the Canterbury region. However, synthetic earthquakes regularly 

distributed along a grid pattern was unrealistic. 

This chapter uses a more realistic synthetic earthquake catalogue—the RNC2 RSQSim 

catalogue (Shaw et al., 2022)—to mimic actual earthquake occurrences and to simulate 

synthetic seismograms for the selected earthquakes. That catalogue was generated using the 

RSQSim earthquake simulator (Richards-Dinger, 2012) for active faults in New Zealand. The 

total length of the catalogue is 220,000 years. Section 2.6 provided an introduction to this 

catalogue. The primary goal of the analyses discussed in this chapter is to explore the 

effectiveness of the PLUM algorithm for the Canterbury region over the next 100 years for 

significant earthquakes. The performance indicators are a modification of those used in the 

previous chapter. We still use correct timely alerts, missed or late alerts, and warning lead 

times, but we distinguish between precautionary alerts and false alerts and normalises the 

false alert measure in a more informative way. We also analyse performance considering 

population more effectively.  

The analyses take into account the specific site classes at the stations and grid points when 

simulating the shaking and use a more complex version of PLUM that has more appropriate 

methods for detecting shaking and mitigating noise and errors in the seismograms than the 

method in the previous chapter. Section 4.1.1 describes the noise mitigation methods for the 
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PLUM algorithm used in Japan and the West Coast of the USA. The analyses also use a 

complete list of the GeoNet sensor stations that are now available in the Canterbury region. 

The other objectives of the analyses are to determine appropriate parameters for PLUM, and 

study the effect of station outages. Chapter 5 will report on a similar analysis for the 

Wellington region. 

4.1.1 Noise mitigation for PLUM in Japan and USA  

PLUM is an efficient algorithm designed for rapid earthquake shaking detection by identifying 

strong shaking at sensor stations. However, when using real data, consideration must be given 

to reducing false detections caused by noise and errors by removing noise where possible and 

mitigating noise and errors that cannot be removed. Previous noise and error mitigation 

methods used for PLUM EEW are described in Kodera et al. (2018) for Japan and Cochran et 

al. (2019) for Southern California. Similar methods would need to be used for a NZ PLUM EEW 

system.  

However, the analyses in this thesis use simulated data. The simulation data does not contain 

any shaking signals from sources other than earthquakes, nor does it contain instrumentation 

errors. Our main objective is to analyse the PLUM EEW performance and applicability 

considering the earthquake likelihood over the next 100 years. Therefore, the thesis does not 

explicitly focus on how to remove/mitigate the noise and errors of real data in an operational 

EEW system, although this would be an interesting and important area for future work. 

However, the simulation and analysis must take into account steps that would be taken to 

eliminate false detections. 

The first step in both the Japan and the Southern California systems is to filter the data to 

remove noise, especially high-frequency and low-frequency noise. Kodera et al. (2018) use a 

bandpass filter adapted from the Japan Meteorological Agency (JMA) intensity filter, as shown 

in Figure 4-1. 

The Japan JMA filter was originally designed to determine the intensity of earthquakes, and 

Kodera et al. (2018) used it for the PLUM EEW. The dominant frequency of that filter is 0.5 

Hz. According to Hoshiba et al. (2010), the central frequency of 0.5 Hz is selected to 

characterise damaging strong motion in wooden frame houses. The filter decays slowly down 
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to around 0.05 Hz and up to 10 Hz. After reaching 10 Hz, it decays rapidly. This means it mainly 

removes the high-frequency component.  

 

Figure 4-1 JMA intensity filter (from Yamamoto et al., 2008). 

Cochran et al. (2019) use a 0.5–25 Hz bandpass filter for the Southern California data. This is 

similar to the JMA filter in that it is also band-pass, but it is shifted to a higher frequency than 

the JMA filter, with an upper boundary at 25 Hz rather than 10 Hz. The exact shape of the 

filter is not specified in the paper. A similar bandpass filter would need to be applied to the 

simulated shaking data used in this thesis. 

The second step in both the noise and error mitigation approaches is to ensure that the event 

detection is not based on just a single data sample from a single sensor but seeks confirmation 

from multiple data samples. The Japan approach uses data across a “window” of data samples 

and the Southern California approach uses data from multiple sensors. In Japan, the Japan 

Meteorological Agency (JMA) employs a ground-motion intensity measure known as IJMA 

(Yamamoto et al., 2008). The Japan PLUM system also uses real-time intensity IR, which is 

similar to the IJMA approach. According to that method, a signal is classified as an earthquake 

if a minimum of 0.3 seconds of samples (i.e., 30 samples at a 100 Hz sample frequency) are 

above the IR threshold within an observation window of 5 seconds (Yamamoto et al., 2008; 

Kodera et al., 2018). They also incorporate this IR value in the alert dissemination information.  

In contrast to Japan, the intensity measure IMMI is used in the USA (Wald et al., 1999) and New 

Zealand (Moratalla et al., 2021). Cochran et al. (2019) employed Peak Ground Acceleration 

(PGA) values to determine the Modified Mercalli Intensity (MMI) without calculating IR values. 

Their approach differs from the Japanese method as it uses the peak value rather than 0.3 
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seconds of data values above across a predefined time window for data analysis. To mitigate 

the impact of noise spikes in real data, Kilb et al. (2021) suggested a dual-sensor strategy, 

utilising co-located accelerometers and velocimeters.  

First, in each one-second time frame, they determine the maximum acceleration value (PGA) 

from the accelerometer and the maximum velocity value (PGV) from the velocimeter. 

From PGA and PGV, they compute two values for MMI (IA:MMI and IV:MMI) using the PGM to 

MMI conversion equations of Worden et al. (2012). Then, they examine the intensity ratio of 

the two MMI values (IA:MMI / IV:MMI) and assign the IMMI as described in Table 4-1 below. 

Table 4-1 Conversion of IA:MMI and IV:MMI to IMMI 

 Intensity Ratio 
IA:MMI /IV:MMI  

IV:MMI  Assumption Final IMMI value 

Case A 0.9 - 1.1 -- Ratio is within acceptable range ( IA:MMI + IV:MMI )/2 

Case B ≤0.9 or ≥1.1 IV:MMI < 3 Ratio is not within acceptable 
range. Acceleration data suspect. 

IV:MMI 

Case C ≤0.9 or ≥1.1 IV:MMI ≥ 3 Ratio is not within acceptable 
range. Velocity data may be 
clipped. 

IA:MMI 

 

If a station does not have both sensors, they derive velocity data from the accelerometer or 

acceleration data from the velocimeter by analysing a one-second data frame. They then 

perform the same operation as described above. However, unlike the Japanese approach, 

they did not rely on a 0.3-second window criterion and used single PGA and PGV values to 

derive the MMI.  

The simulated data in this thesis has reliable acceleration data, and therefore the analyses 

can simply use the PGA value without needing velocity data to mitigate noise and errors or 

having to use multiple data values over a window. At worst, this may slightly overestimate 

the performance of the PLUM algorithm since the noise mitigation on real data would not be 

perfect.  
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A third noise mitigation strategy is to require confirmation of an event from another station. 

Southern California used a dual-station approach for earthquake event declaration, 

necessitating confirmation from a neighbouring station (Cochran et al., 2019; Kilb et al., 2021). 

This method requires the detection of an earthquake by at least two stations within a defined 

range to issue alerts. Cochran et al. (2019) achieved better detection performance when at 

least two stations were located within 60 km. Kilb et al. (2021) consider a confirmation within 

15 seconds (i.e., from a sensor within 45 km, assuming S-wave velocity as 3 km/s). The initial 

station employs one IMMI threshold (e.g., IMMI 4.0, as tested in Southern California) to identify 

the event, but a neighbouring station can confirm this detection with a lower IMMI threshold 

(Cochran et al. recommended IMMI 2.5 for Southern California).  

The analyses in the thesis use a similar confirmation strategy to the one used in the Southern 

California PLUM testing (Cochran et al., 2019; Kilb et al., 2021). 

4.2 Methodology  

This section outlines the steps to analyse the performance of the PLUM algorithm for EEW in 

the Canterbury region. There were five key steps, which are explained in the following sub-

sections.  

1. A region of interest (Canterbury) was selected, target grid locations in the region were 

defined and the locations of all the relevant GeoNet sensors were identified. The site 

classifications for those grid and sensor locations were identified to use for the 

simulation. 

2. A collection of earthquakes from the synthetic catalogue was selected. One hundred 

sets of random 100-year-long periods from the 220000-year catalogue were selected, 

and all the earthquakes in those periods with magnitude greater than 6.0 were 

identified under the assumption that earthquakes with magnitudes less than 6.0 are 

unlikely to cause significant damage. Each set represents a possible scenario of strong 

earthquake events for the next 100 years in New Zealand. Then, the sets were refined 

to include only the earthquakes that could impact the chosen region of Canterbury. 

3. Synthetic seismograms for all selected events were generated using the EXSIM ground 

motion simulator for all sensor (GeoNet strong motion) and grid locations. 
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4. The PLUM algorithm was used on the generated seismograms using an appropriate 

noise and error mitigation strategy. 

5. The expected EEW performance of the algorithm over each 100-year period was 

analysed in terms of alert correctness and timeliness, first ignoring population density, 

then taking the population distribution into account. 

6. Finally, the expected performance was re-analysed under two different failure 

scenarios. 

4.2.1 Region of interest 

The Canterbury region was selected for the preliminary analyses in Chapter 3 as it has a richer 

collection of actual datasets available than other regions, especially from the Canterbury 

earthquake sequence. The same region is used to test EEW with the RNC2 synthetic catalogue 

in this chapter. 

The region of Canterbury where the EEW algorithm is evaluated is shown in Figure 4-2 by a 

red rectangle (-44.10≤ lat ≤-43.00, 171.10≤ long ≤173.00), along with the grid cells (containing 

at least some part on land) used in the analysis.  

Figure 4-3Figure 4-3 shows the larger area, containing the selected region, and indicates the 

131 GeoNet strong motion sensor stations (triangles) that were selected to test the algorithm 

for that region. The 131 sensors are located within 250 km of the centre of the selected 

region. That range of sensor stations was selected considering the appropriate coverage of 

sensors according to the PLUM warning radius ranges of 30-60 km. This includes all the 

sensors that might be involved in creating or confirming alerts for the Canterbury region, 

however, excludes the large number of sensors of the Wellington and Dunedin regions, which 

could not affect the operation of the PLUM algorithm for the Canterbury region. As in Section 

3.4, 209 grid points (0.1° x 0.1°) are defined in the inner rectangular region (the red rectangle 

in Figure 4-2), of which 182 grid points on land are selected as the target locations for 

analysing the EEW performance.  
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Figure 4-2 The selected Canterbury region with 0.1° x 0.1° grid. Region is the area inside the 
red rectangle. Grid cells containing red dots are the locations where alerts are received and 
analysed. The urban areas of Christchurch and Ashburton are labeled. 
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Figure 4-3 Canterbury region with sensors. Red rectangle shows region containing all the grid 
locations at which the PLUM algorithm is to be evaluated. Black triangles indicate all the 
GeoNet strong motion sensors (as of September 2023) that could possibly issue or confirm 
alerts to the central region. 

4.2.2 Site classification 

Site classifications of grid cells and sensor stations are considered in this study since ground 

motion amplitudes at a location depend on the site class of the location. 

The site class of each grid cell is determined from a New Zealand VS30 model (Perrin et al., 

2015). The resolution of the VS30 model is 0.01° x 0.01° degrees, while the grid cell size is 0.1° 

x 0.1°. Therefore, the VS30 site class closest to the mid-point of the centre of the grid cell is 

considered to be the site class of the grid cell. Effectively, this is pretending that a sensor is 

installed close to the mid-point of the grid cell, just as the Japan PLUM implementation has 
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basic seismic intensity-measuring sensors installed at each target location as observation 

stations in addition to the strong motion seismometers. 

The following VS30 value ranges (NEHRP, 2023) are used to determine the site classes from 

the VS30 model. 

VS30 > 1500 m/s → Class A (Hard Rock):  

1500 ≥ VS30 > 760 m/s  → Class B (Firm to Hard Rock)  

760 ≥ VS30 > 360 m/s  → Class C (Dense Soil and Soft Rock):  

360 ≥ VS30 ≥ 180 m/s  → Class D (Stiff Soil):  

180 > VS30 > 0 → Class E (Soft Soil):  

If the VS30 value is less than or equal to 0, the site is classified as a water site and is excluded. 

If the mid-point of a grid cell is on water (or the grid cell is partially covered by water), the site 

class is defined manually by considering the VS30 site classes of the points in the grid cell that 

are on land. Mostly, these grid cells are classified as site class D. 

A total of 131 stations within a 250 km radius of the region's centre were used for this study 

(GNS Science, 2023b). The site classification of most of these stations was obtained from 

Kaiser et al. (2017b). However, site classification data is unavailable for some of the stations. 

These include recently installed stations and sensors installed within buildings. For these 

stations, we assumed a site class of B, as it is the hardest site class among all other stations 

and therefore is a conservative choice because the shaking intensity is less likely to be above 

the threshold than if a softer site class were chosen. 

4.2.3 Random selection of sub-catalogues from the main catalogue  

The version of the catalogue that we are using spans over 220,000 years. However, the 

interest period concerning EEW system implementation will be relatively short. New Zealand 

Building Code requires that all buildings be designed and constructed to be durable enough 

to last at least 50 years. Therefore, the period of interest for these EEW algorithm analyses 

should be at least 50 years. The period of interest at most will be 100 years, as it is not 

reasonable to expect the current technology to be applicable for more than 100 years. 

Therefore, we need samples of earthquakes that represent what might happen over the next 
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100 years. We randomly selected 100 sub-catalogues, each of 100 years duration, from the 

full catalogue to get a statistically reliable prediction of what might happen over the next 100 

years. 

We focused on earthquakes with magnitudes greater than 6. Smaller earthquakes can also 

cause damage and MMI levels above V, but these effects are usually restricted to areas near 

the epicentre, where early warnings are impossible. 

Earthquakes from a selected 100 year-long sub-catalogue are illustrated in Figure 4-4 Figure 

4-4 as red circles, along with the earthquakes from the other 99 sub-catalogues coloured grey. 

  

Figure 4-4 Synthetic earthquakes: all earthquakes greater than magnitude 6 in the 100 sets of 
100-year long sub-catalogues. Red circles indicate earthquakes from one selected 100-year 
long sub-catalogue and grey circles indicate earthquakes from the other sub-catalogues. 
Darker colour circles indicate higher magnitude.  
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The New Zealand historical catalogue of earthquakes (GeoNet data) with magnitude greater 

than 6.0 and depth less than 30 km (since the RSQSim model only simulated shallow events) 

is illustrated in Figure 4-5 and we can see the synthetic earthquakes in the sub-catalogues are 

spatially consistent with this data. 

 

Figure 4-5 Historical catalogue of shallow earthquakes (M6.0+) in the last 100 years: 1924-
2023. 

The initially selected earthquakes were further refined to select the earthquakes that could 

produce shaking equal to or above MMI V at some location within the selected Canterbury 

region—earthquakes that are too far away from the region to cause damage can be removed. 

To select the potentially damaging events, we first included all earthquakes of magnitude 6.0 

and above that have their centroid within the selected region of Canterbury. To identify 

earthquakes outside the region, which could produce MMI V or above shaking at any part of 

the region, we calculated the shortest distance from each earthquake fault to the centre of 
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the region. For an earthquake to be included, this distance had to be below a threshold 

determined from the earthquake magnitude. Thresholds for the distance could be 

determined using the relevant ground motion prediction equation (GMPE). Instead, we used 

the NGA-West2 ground motion database tool (Pacific Earthquake Engineering Research 

Center, 2023) to calculate the distance over which specific earthquake magnitude ranges 

could produce shaking at MMI V or above. The NGA-West2 tool uses attenuation relationships 

modelled using a large set of ground motions recorded worldwide of shallow crustal 

earthquakes in active tectonic zones (Ancheta et al., 2013; Abrahamson et al., 2014). These 

models are applicable to the Canterbury region. An additional 100 km was added to the 

thresholds to account for the distance from the centre of the region to a location at the edge 

of the region. 

 

Based on the GMPE data, locations at the following distances from the fault might experience 

shaking at MMI V or above: 

6 ≤ Magnitude < 7:  within 140 km  

7 ≤ Magnitude < 8:  within 240 km  

8 ≤ Magnitude < 8.5:  within 300 km 

 

The following algorithm outlines the selection criteria for earthquakes to be included in the 

sub-catalogues based on earthquake magnitude (M) and proximity of the fault to the centre 

of the region: 

If  M < 6: 
    Ignore 
Else if centroid within the region: 
    Select 
Else if shortest distance to fault ≤ (140 + 100) km: 
    Select 
Else if M > 7 AND shortest distance to fault ≤ (240 + 100) km: 
    Select 
Else if M > 8 AND shortest distance to fault ≤ (300 km + 100) km: 
    Select 
Else if M > 8.5:  
   Select  
Else: 
    Ignore 
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Note that the thresholds are set generously so the selection criteria will include some 

earthquakes that do not generate strong shaking in the Canterbury region. These earthquakes 

will require simulation time, but if the shaking is below the strong shaking level, the PLUM 

algorithm will effectively ignore them, so they will not affect the analysis.  

946 earthquakes were selected to construct the 100 sub-catalogues most of which are crustal 

earthquakes. Since subduction earthquakes need to be simulated using a different set of 

parameters, we examined the locations of all earthquakes greater than magnitude 7.5. Based 

on their location and magnitude, 13 earthquakes were identified as subduction earthquakes, 

all of which are greater than M8.5. One very distant magnitude 8.9 subduction earthquake 

from those 13 earthquakes could not be simulated because the simulation software could not 

handle such a large earthquake over such large distances. We, therefore, ignored that 

earthquake. The maximum PGA experienced by the region from two similar (but closer) 

earthquakes of magnitude 9.0 and 8.9, is lower than the MMI V threshold, and therefore, the 

ignored earthquake would probably not generate shaking above the threshold to the region. 

The final result was that 945 earthquakes were selected for simulation, with 933 being crustal 

and 12 being subduction. The average number of earthquakes in one 100-year period was 

9.45, but there was considerable variability. Figure 4-6Figure 4-6 is a histogram showing the 

distribution  
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Figure 4-6 Histogram showing distribution of number of earthquakes: each bar shows the 
number of periods that had a given number of earthquakes. 

of the number of earthquakes per 100-year period. Except for one period, all had at least 5 

earthquakes. The largest number of earthquakes in a period was 19. The majority of periods 

(68 periods) experienced between 7 to 11 earthquakes. The distribution is roughly Poissonian, 

with a peak at around 8 to 9 earthquakes per period, indicating that this was the most 

common number of earthquakes per period in the dataset. 

Figure 4-7Figure 4-7 shows the centroids of all the 945 selected earthquakes of all the 100 

random 100-year periods, and earthquakes of a single (randomly chosen) 100-year period are 

highlighted by red circles. According to Figure 4-7, there are no earthquakes immediately 

around or under Christchurch. This is due to the catalogue's limitation, as it did not include 

the blind fault under the city. This suggests that the catalogue might underestimate the 

occurrence of earthquakes near Christchurch City. Interpreting the results needs to take this 

limitation into consideration. 
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Figure 4-7 All earthquakes that could affect the Canterbury region from the random 100 sets 
of the 100-year periods from the 220000-year catalogue. The circles are the centroids of the 
earthquakes, and the size of the circles represents the magnitude. The red circles are 
earthquakes from one selected 100-year period (#69). The red rectangle is the inner region 
containing 182 grid points (0.1° x0.1°) where performance of the EEW algorithm is evaluated. 

4.2.4 Synthetic seismogram generation for the catalogue events  

Testing the PLUM EEW algorithm requires earthquake waveform data for each event at the 

locations of all the sensor stations and at the centre of each 0.1° x 0.1° grid cell. The EXSIM 

ground motion simulator was used to generate these synthetic seismograms. The general 

EXSIM input parameters were based on the analysis in chapter 3 where EXSIM was validated 

to the recorded waveform data for the Darfield earthquake.  

As described in previous chapters, EXSIM requires key characteristics of each event, including 

the fault position. However, many of the catalogue events comprise multiple faults. EXSIM is 

designed to simulate a single fault rupture. Although it can be extended to multiple fault 
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rupture under certain limitations, obtaining and using the individual fault data for multiple 

faults would be very complex. Therefore, to keep the simulation simple and feasible, we 

modelled and simulated all the events as single faults and computed fault positions from the 

catalogue data. 

All earthquakes were separated into two major types, crustal and subduction, which were 

simulated separately using the relevant characteristics as described below. 

Crustal earthquakes 

For the crustal earthquakes, the dip was assumed to be 90° and the depth of the top of the 

fault was assumed to be 1 km. The fault type of the events was assumed as strike-slip. The 

slip values were determined by the simulator randomly. S-wave velocity was considered to 

be 3.7 km/s (see Section 3.3.1) and the ratio of rupture velocity to S-wave velocity was 

considered to be 0.8 for the selected region. According to Holden & Kaiser (2016) and the 

analyses in Section 3.3, a stress drop of 9 MPa was assigned for the earthquakes. 

EXSIM also requires the location of the corner on the upper edge of the fault, but the 

catalogue did not provide this. To work this out, we assumed the centroid was at the middle 

of the fault and used the fault bearing angle (strike) and fault length to compute the corner 

location. The fault strike was determined from the direction from the centroid to the 

hypocentre of the fault (both locations are specified in the catalogue). The fault length was 

determined from the magnitude using the Wells and Coppersmith formula (Wells and 

Coppersmith, 1994) as shown in equation 4.1, and both the calculated corner on the upper 

edge of the fault and the fault bearing angle (strike) were given to the EXSIM simulator. Note 

that EXSIM also uses the same Wells and Coppersmith formula to determine the fault 

dimensions from the magnitude itself. 

  fault length (km) =   e(−2.57 + 0.62M)   (4.1) 

where  M is the magnitude of the earthquake. 

According to Shaw (2023), there are some imperfect approximations in Wells and 

Coppersmith's formulas. We used Wells and Coppersmith to estimate the fault length from 

the magnitude in part because the EXSIM simulator uses Wells and Coppersmith internally, 

and it would be problematic to use Wells and Coppersmith for one part of the analysis and a 
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different estimator for other parts of the analysis. Also, we think that Wells and Coppersmith's 

estimation is adequate in this case because the catalogue data consists of hypothetical 

earthquakes with insufficient data to perform more accurate estimations.  

Initially, the simulated hypocentres were determined randomly by the simulator, but we 

found an issue with the random numbers in the simulation process, so we fixed the 

hypocentre at the same location as the catalogue centroid, i.e., in the middle of the fault. 

Subduction earthquakes 

The selected earthquakes include several subduction events from the Hikurangi subduction 

zone, which could impact the Canterbury region. These subduction earthquakes were 

simulated under the assumption that the fault had a fixed strike angle of 210°, a dip angle of 

10°, and a depth of 1 km (Stirling et al., 2012). The strike angle of 210° represents an average 

value derived from Stirling et al. (2012), which reported strike angles between 200° and 220°. 

The events were considered reverse slip earthquakes, and the Wells and Coppersmith's 

parameters were used to calculate the fault length and fault width, as shown in Eq. 4.2: 

  Fault length (km) =   e(−2.42 + 0.58M)              Fault width (km) =   e(−1.61 + 0.41M)         (4.2) 

where  M is the magnitude.   

The location of the top right corner of the fault was calculated from the centroid, the 

computed fault length and width, and the assumed dip angle of 10°. Other parameters are 

identical to the previous crustal events.  

For each earthquake, EXSIM was run separately to obtain the waveform for each sensor 

location and each grid cell centre. 

4.2.5 Noise and error mitigation 

This research used the prior work on PLUM EEW by Kodera et al. (2018) in Japan and Cochran 

et al. (2019) in Southern California to determine appropriate noise and error mitigation 

measures as discussed in this section. Both of those prior works are based on real data, 

whereas our analyses use simulation data. The simulation data does not contain seismic 

signals from sources other than earthquakes. It also does not contain instrumentation 
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glitches. Since our main objective is to analyse the PLUM EEW performance and applicability 

considering the earthquake likelihood over the next 100 years, this thesis does not explicitly 

focus on the noise and errors of real data in an operational EEW system, which will be an 

interesting area for future work. However, for the simulation and analysis to be applicable, it 

must take into account the necessary steps that would be taken to eliminate false detections. 

First, it is necessary to filter the data to remove noise, especially high-frequency and low-

frequency noise. Section 4.1.2 described the bandpass filters used by Kodera et al. (2018) in 

Japan and Cochran et al. (2019) in Southern California. For our EXSIM simulation, we use the 

bandpass filter profile shown in Figure 4-8 Figure 4-8 to remove low and high-frequency noise. 

This filter is broader than the filter used in Japan. It includes the dominant frequency (0.5 Hz) 

of the Japanese filter but is narrower than the filter used in Southern California (0.5-25 Hz), 

especially at the higher frequencies. Therefore, it is consistent with the range of filters used 

in the literature. It is appropriate to use a broader filter than used in Japan because our 

interest is not only in scenarios like wooden frame houses in Japan but also in a broader range 

of situations. Note that the same filter was used for our validation and calibration analyses 

against real data from the Darfield earthquake. 

 

Figure 4-8 Filter applied in the EXSIM simulation 

The second step is to use a confirmation strategy to ensure that alerts do not depend on a 

single sensor that might have errors due to noise or any other issue. 

We used a two-station confirmation strategy like that used in Southern California (Cochran et 

al., 2019; Kilb et al., 2021) which requires confirmation of shaking (of at least MMI-IV) from a 
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nearby station within some confirmation window before issuing an alert. Kilb et al., (2021) 

use 45 km as the confirmation radius for the West coast, USA data, based on the sensor 

distribution there. The density of the GeoNet strong motion sensors in the Canterbury region 

is not high enough to support this radius. However, there are at least two stations within 80 

km of each station in the Canterbury region and therefore we set the confirmation radius at 

80 km. The two-station strategy requires confirmation of from another station within 80 km 

of the target grid location. It will eliminate any alerts that were due to noise assuming that no 

other earthquake event with an intensity (i.e., greater than MMI-IV) occurs in the region 

within the confirmation window, and that there are no additional noise detections in that 

period at other stations within 80 km. The time for an S-wave to travel 80 km will be 22 

seconds, assuming an S-wave velocity of 3.7 km/s, so the confirmation window should extend 

at least 22 seconds each side of a detected strong shaking event. Unlike the Southern 

California strategy, which requires the confirmation to occur after the alerting station detects 

strong shaking, our strategy allows the confirmation to occur either before or after the strong 

shaking at the alerting station. Even though there are no noise events in the simulated 

waveforms, it is important to use the two-station method to obtain more realistic warning 

times and alert performances mimicking an actual system.  

The confirmation window should be long enough (both before and after the strong shaking is 

detected at a station) to ensure that confirmation messages based on the same earthquake 

event have time to arrive at the station. However, making the confirmation window too long 

could allow false confirmations from unrelated events and would also increase the chance of 

confirmation from noise events. Choosing a good confirmation window would require 

analyses on real data. However, for the simulated data, there are no unrelated events and no 

noise, so it does not affect the results to allow an indefinite confirmation window.  

The event detection procedure of these analyses did not use the Japanese strategy of seeking 

confirmation from multiple data samples across a “window”, as we do not use IR relationships 

in New Zealand and we use PGA to MMI relationships (Moratalla et al, 2021) and using a 

window also delays the alerts. Also, because we cannot assume that the GeoNet sensor 

stations have dual acceleration and velocity sensors, we do not use the co-located sensor 

strategy used by Cochran et al. (2019). Instead, the algorithm identifies the first time that the 

simulated shaking waveform reaches a value higher than the threshold, which corresponds 
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to using the PGA value (peak ground acceleration). There are two separate thresholds, a lower 

threshold for issuing a confirmation message (τl), and a higher threshold for issuing an alert 

(τh). 

The PLUM algorithm with second station confirmation is as follows (refer to Figure 4-9Figure 

4-9). 

PLUM Algorithm with second station confirmation. 

• When a station detects shaking (PGA at τl or above): 

it sends a confirmation message to all grid points within the confirmation radius. 

• When a station detects strong shaking (PGA at τh or above): 

it sends an alert message to all grid points within the warning radius. 

• When a grid point receives an alert message: 

• If it has already received a confirmation message (at a time within the 

confirmation window of the alert time), it will immediately issue the alert. 

• Else, it holds the alert message and waits for a confirmation message. 

• If it receives a confirmation message before the end of the 

confirmation window, it will then issue the alert. 

• If it does not receive a confirmation message within the 

confirmation window, it will abandon the alert message. 

 

 

Figure 4-9 PLUM confirmation and warning. When grid point receives an alert from a station 
within the Warning Radius, it must also receive a confirmation from another station within 
the Confirmation Radius before processing the alert. 

 τh 
Alerting 
Station 

Warning 
    Radius 

Confirming 
Station  τl 

ConfirmationRadius 

Grid point 
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4.2.6 PLUM algorithm  

For each earthquake, after obtaining the waveform data for all station locations and all grid 

locations, as described in Section 4.2.4, the PLUM algorithm was evaluated on the waveform 

data to determine the outcome of the PLUM algorithm at each grid point. The possible 

outcomes at a grid point are given in Table 4-2Table 4-2. These are similar to the earlier 

analyses in chapter 3, except that the missed alerts due to no station being within the warning 

radius (MANS) have been combined into the other MA and the false alerts have been split 

into precautionary alerts (PA) and real false alerts (FA).  

A precautionary alert is where an alert is received but the grid point only experiences weak 

shaking. A false alert is where an alert is received but any shaking at the grid point is below 

the level of weak shaking. The weak shaking means that people receiving a precautionary 

alert will recognise that the alert is from a real earthquake, but it was not strong enough 

shaking to cause damage (at least MMI IV, but less than MMI V). On the other hand, people 

receiving a real false alert will consider the system to be a fault since they will have no 

evidence of an earthquake, and therefore no justification for being alerted. The distinction is 

made because real false alerts are perceived by most end users to be a much worse problem 

in an EEW system than precautionary alerts, so that treating them as equally bad results in an 

unnecessarily harsh evaluation (Saunders et al., 2022a). 

Table 4-2 Possible outcomes of PLUM 

Outcome Meaning 

CTA:  Correct Timely Alert, where a confirmed alert at the grid point is 

processed before strong shaking arrives. The Warning Time is the time 

between the processing of the alert and the arrival of the strong shaking. 

LA:   Late Alert, where the first confirmed alert at the grid point is processed 

after strong shaking arrives. 

MA: Missing Alert, where strong shaking arrives at the grid point, but no 

confirmed alert is received. 

PA: Precautionary Alert, where a confirmed alert arrives at the grid point, but 

the grid point only receives weak shaking. 

FA: False Alarm, where a confirmed alert is processed at a grid point which 

does not receive any noticeable shaking. 

NANS: No Alert, No Shaking 
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To measure the performance of the PLUM algorithm, it is simpler (and more efficient) to 

“invert” the algorithm in Section 4.2.5, focusing on the grid points, rather than on the sensors 

that issue the alerts. The algorithm used for this simulation of PLUM was as follows. 

PLUM Algorithm with confirmation, for analysis  

Parameters: 

- τh (strong shaking detection threshold)  

- τl (weak shaking detection threshold)  

- warning radius   

- confirmation radius  

- comm-time      [communication latency] 

Output: 

- outcome and warning-time for each grid point for each earthquake. 

Algorithm: 

For each grid point:  

compute list of stations within warning radius of grid point 

compute list of stations within confirmation radius of grid point 

For each earthquake:  

For each station:  

ws-time[station] = first time when pga >=  τl (infinity if no such time) 

ss-time[station] = first time when pga >=  τh (infinity if no such time)  

For each grid point: 

ws-time[grid-pt] = first time when pga >=  τl (infinity if no such time) 

ss-time[grid-pt] = first time when pga >=  τh (infinity if no such time)  

 

[Determine whether a confirmed alert is processed:] 

alert-time = infinity 

confirmation-time = infinity 

For each station in list of stations within warning radius of grid point 

If ss-time[station] < alert-time then 

alert-time = ss-time[station] 

alert-station = station 

If  alert-time < infinity then 

For each other-station within confirmation radius of grid point 

If  other-station != alert-station and  

   ws-time[other-station] < confirmation-time then 
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confirmation-time = ws-time[other-station].  

alert-time = max(alert-time, confirmation-time)  

 

[Determine outcome of event at grid point]: 

If  ss-time[grid point] < infinity  then  [ie, strong shaking at grid point] 

If  alert-time = infinity then 

outcome[earthquake, grid point] = MA 

Else  

warning-time[eq, grid point]  = alert-time –  

                             ss-time[grid point] – comm-time 

If warning-time[eq,grid point] ≥ 0 then 

outcome[eq, grid point] = CTA 

Else 

outcome[eq, grid point] = LA 

Else If  ws-time[grid point] < infinity  AND if alert-time < infinity then 

outcome[eq, grid point]  = PA 

Else If  alert-time < infinity then      

outcome[eq, grid point] = FA  

Else 

outcome[eq, grid point]  = NANS 

 

Implementing PLUM requires choosing values for the parameters. The parameter values for 

the Canterbury experiment are listed in Table 4-3Table 4-3.  

 

Different ground motion thresholds have been suggested by researchers. In Japan, a public 

EEW alert is issued if the expected ground motion exceeds JMA Intensity 5L (approximately 

equivalent to MMI VII-VIII) (Kodera et al., 2020). The ShakeAlert EEW System of the US West 

Coast used MMI IV as the original threshold and later, delivery criteria have been refined 

(Cochran & Husker, 2019; Saunders et al., 2022b) to better match different user needs. Today, 

general public alerts delivered via Wireless Emergency Alert capable devices use a threshold 

of MMI IV+, while smartphone apps allow users to choose MMI III+ (ShakeAlert, 2024). On 

Android devices, push notifications are sent at MMI III–IV, and a full-screen takeover at 

MMI V. Automated systems such as signal light panels and sirens also could trigger at 

MMI III+, as do machine-to-machine alerts (ShakeAlert, 2024). Minson et al., (2019) stated 

that it is possible to use lower thresholds, especially for false-alert-tolerant users. Even 

though it could generate more false alerts, this will minimise missed alerts and improve the 
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usefulness of EEW. Therefore, the threshold can be lower or higher than the damage 

threshold according to the user preferences. 

Becker et al. (2020b) found that New Zealanders generally prefer higher warning thresholds 

around MMI V-VI which aligns with preferences observed in Japan but exceeds the threshold 

used on the U.S. West Coast (Minson et al., 2019, 2022; Nakayachi et al., 2019). In the survey 

of Becker et al. (2020b), a majority of respondents indicated an alert at MMI V or above as 

their preference. Consequently, for our PLUM algorithm tests in the New Zealand context, we 

adopt MMI V as the detection and target threshold, which is consistent with public 

expectations and international practices. 

Table 4-3 PLUM parameters for Canterbury catalogue earthquakes experiment. 

τh  (Detection threshold and 

Strong Shaking threshold) 

42 cm/s2  
 (PGA corresponding to MMI V, which is considered 
strong shaking, with the potential for damage) 

Warning radius: 30 km, 40 km, 50 km, or 60 km 

τl  (Confirmation threshold and 

Weak Shaking threshold) 

13 cm/s2  
(PGA corresponding to MMI IV, which is considered 
weak shaking. Shaking below MMI IV is not usually 
noticed.) 

Confirmation radius 80 km 

Confirmation window Indefinite 

Communication latency 2 sec 

 

Initially, Wald et al., (1999) PGA to MMI relationships were used to define the detection and 

confirmation thresholds, which gave a detection threshold τh of 38 cm/s2, but now we have 

more accurate relationship equations for New Zealand from Moratalla et al. (2021). According 

to Equation 4.3 (derived from Equation 3 and Table 2 of Moratalla et al., 2021), PGA 

thresholds can be calculated as below. 

Log (PGA) = (MMI-1.7601) / 1.992 if MMI < 5.5277  

Log (PGA) = (MMI+1.9095) / 3.9322  if MMI ≥ 5.5277  (4.3) 

Therefore: 

τl  for MMI IV  =  10(4-1.7601)/1.992 =  13 cm/s2 

τh  for MMI V  =  10(5-1.7601)/1.992 =  42 cm/s2 
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One of the goals of the experiment is to identify what warning radius would give the best 

performance in the New Zealand context. A smaller warning radius decreases the likelihood 

of precautionary alerts and false alarms, but also decreases the warning times, and risks losing 

coverage if the sensor density is not high enough. The version of PLUM used in Japan had a 

warning radius of 30 km because the density of sensors is high. In Southern California, where 

the density of sensors is lower, they used a warning radius of 60 km (Saunders et al., 2022b). 

Increasing the warning radius increases coverage and warning times but will also increase the 

number of false alarms and violates the PLUM approximation of assuming undamped 

propagation. The analyses used a range of warning radii of 30 km, 40 km, 50 km, and 60 km 

to determine the best trade-off between coverage, warning times, and false alarms given the 

variable sensor density in New Zealand. The confirmation radius of 80 km is based on the 

density of sensors, as described in Section 4.2.5.  

4.2.7 EEW performance indicators 

The performance of the EEW system was evaluated based on key performance indicators that 

quantify alert accuracy and reliability at each grid location. Researchers have purposed 

different performance metrics to evaluate EEW performance. The framework initially 

proposed by Meier (2017) and extended in Meier et al. (2020) classifies alerts by comparing 

observed ground motion at a site with a predefined threshold. Under this framework, a True 

Positive (TP) occurs when an alert is issued and the observed shaking at the site exceeds the 

threshold. A False Positive (FP) occurs when an alert is issued, but shaking remains below the 

threshold. A False Negative (FN) is when no alert is issued, but the shaking exceeds the 

threshold, and a True Negative (TN) is when no alert is issued and the shaking remains below 

the threshold.  

To capture a more detailed picture of EEW performance, additional classifications were 

introduced by Saunders et al. (2022a). These include Correct Alert (timely and late), Late Alert, 

Precautionary Alert and False Alert. A Correct Alert happens when you get a warning and then 

actually feel shaking at or above the threshold level—if the warning comes before the shaking 

it is a Timely Alert, and if it comes after, it is a Late Alert.  A Missed Alert is when you do not 

get no warning but do feel strong shaking. A Precautionary Alert is when you get a warning 
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but the shaking stays below the level. A False Alert is when you get a warning, but no 

earthquake happens at all.  In this research, we use similar categories to evaluate PLUM 

performance. 

The PLUM algorithm’s performance was tested across various radii using the major 

performance indicators described below. The performance indicators for each single grid cell 

(g) over a 100-year period give a measure of the performance at different geographical 

locations across the region. The expected value of the performance indicator was computed 

by taking the mean over all the 100 periods of the value of the performance indicator in each 

period. The performance indicators were also summed or averaged over all the grid points 

for all the 100-year periods to give overall measures for the whole region. 

Table 4-4 Basic Performance Indicators for EEW performance at a single grid cell. 

Indicator Meaning 

CTAg,p Total number of Correct Timely Alerts received at a grid point. (alert 

received before strong shaking event (PGA ≥ τh) at the grid point). 

LAg,p Total number of Late Alerts received at a grid point (alert received 

after a strong shaking event at the grid point) 

MAg,p: Total number of Missed Alerts: no alert was received, but there was a 

strong shaking event at the grid point. 

MLAg,p  Missed or Late Alerts: Sum of MAg,p and LAg,p  

PAg,p  

 

Total number of precautionary alerts: alerts received at a grid point at 

which there was only a weak shaking event (PGA between τl and τh) 

FAg,p  

 

Total number of false alerts: alerts received at a grid point when there 

was no noticeable shaking (PGA < τl) at the grid point 

 

Normalised measures: CTAnorm, FAnorm, and PAnorm 

Since the total number of shaking events and alerts at a grid point differ between grid cells 

and between the 100-year periods, the total number of CTA, PA, or FA counts at a grid point 

are difficult to compare, so normalized CTA values are more useful in evaluating the 

performances. As in chapter 3, the normalized CTA for a grid point in a particular 100-year 

period is the fraction of strong shaking events received by the given grid point for which a 

correct timely alert was received, as shown in equation 4.4.  
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𝐶𝑇𝐴𝑛𝑜𝑟𝑚𝑔,𝑝
=

𝐶𝑇𝐴𝑔,𝑝

(𝑁𝑜.  𝑜𝑓 𝑠ℎ𝑎𝑘𝑖𝑛𝑔𝑠≥𝑇ℎ)𝑔,𝑝 
=  

𝐶𝑇𝐴𝑔,𝑝

𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝
 (4.4) 

where g is a grid location, and p is one of the 100 periods. 

To obtain the expected value of CTAnorm at a grid cell from the results of all 100 sets of 100-

year periods, the mean of the CTAnorm values is calculated over all the periods for which there 

was at least one strong shaking event at that grid cell, as shown in Eq 4.5. The same method 

can be applied for the MLA performance calculation.  

Expected 𝐶𝑇𝐴𝑛𝑜𝑟𝑚𝑔 
= mean

𝑝|𝑆𝑆𝑔,𝑝>0
(𝐶𝑇𝐴𝑛𝑜𝑟𝑚𝑔,𝑝 

) (4.5) 

where g  is a grid location, p  is one of the 100 periods,  

SSg,p  is the Number of strong shakings at grid location g in period p,  

and the mean is taken over all periods where SSg,p ≥ 0, 

 
In chapter 3, the false alerts were normalised by dividing by the number of non-strong-

shaking events, but this led to a not very meaningful value, since it was affected by the 

number of grid cells where there was no shaking. A more useful approach for the false alerts 

is to normalise them relative to the total possible alerts at the same grid cell. This means that 

FAnorm represent the proportion of all possible alerts that were false . The same normalisation 

works for the precautionary alerts. Equations 4.6 and 4.7 define the value of FAnorm and PAnorm 

for a particular grid cell in a particular 100-year period.  

𝐹𝐴𝑛𝑜𝑟𝑚𝑔,𝑝
=

𝐹𝐴𝑔,𝑝

( 𝑁𝑜.  𝑜𝑓 𝑎𝑙𝑙 𝑎𝑙𝑒𝑟𝑡𝑠)𝑔,𝑝 
=  

𝐹𝐴𝑔,𝑝

𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝
 (4.6) 

𝑃𝐴𝑛𝑜𝑟𝑚𝑔,𝑝
=

𝑃𝐴𝑔,𝑝

( 𝑁𝑜.  𝑜𝑓 𝑎𝑙𝑙 𝑎𝑙𝑒𝑟𝑡𝑠)𝑔,𝑝 
=  

𝑃𝐴𝑔,𝑝

𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝
 (4.7) 

Again, the expected values of FAnorm and PAnorm from all 100 sets of 100-year periods are 

obtained by calculating the mean of the 𝐹𝐴𝑛𝑜𝑟𝑚𝑔,𝑝  
and 𝑃𝐴𝑛𝑜𝑟𝑚𝑔,𝑝  

values over all periods for 

which there was at least one alert issued to the grid cell, as in eqs. 4.8 and 4.9 

Expected 𝐹𝐴𝑛𝑜𝑟𝑚𝑔 
= mean

𝑝|𝐴𝐴𝑔,𝑝>0
(𝐹𝐴𝑛𝑜𝑟𝑚𝑔,𝑝 

)  (4.8) 

Expected 𝑃𝐴𝑛𝑜𝑟𝑚𝑔 
= mean

𝑝|𝐴𝐴𝑔,𝑝>0
(𝑃𝐴𝑛𝑜𝑟𝑚𝑔,𝑝 

)  (4.9) 
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where g is a grid location, p is one of the 100 periods,  

AAg,p is the number of all alerts at grid location g in period p. and   

the mean is taken over all periods where AAg,p ≥ 0 

The measures above describe the performance at a single grid cell. To give a summary of the 

performance over the whole region, the measures are computed over the strong shaking 

events or alerts at all grid points and in all periods. The expected CTAnorm (eq 4.10) is therefore 

the probability of getting a correct timely alert when a strong shaking event occurs at some 

location in the region. The expected FAnorm or PAnorm (eqs 4.11 or 4.12) are the probability that 

an alert received at some location in the region is a false alert or a precautionary alert. 

Expected CTAnorm =     
∑ (∑ (𝐶𝑇𝐴𝑔,𝑝)𝑔 )𝑝

∑ (∑ (𝐶𝑇𝐴𝑔,𝑝+ 𝑀𝐿𝐴𝑔,𝑝)𝑔 )𝑝
 (4.10) 

Expected FAnorm  =
∑ (∑ (𝐹𝐴𝑔,𝑝)𝑔 )𝑝

∑ (∑ (𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝)𝑔 )𝑝
  (4.11) 

Expected PAnorm =
∑ (∑ (𝑃𝐴𝑔,𝑝)𝑔 )𝑝

∑ (∑ (𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝)𝑔 )𝑝
  (4.12) 

Warning time at a grid point and over region: WTCA and WTCTA  

An effective alert must give sufficient time for the recipients to act before the earthquake 

arrives. The warning time of an alert is the time between the alert time plus the 

communication and processing delay and the time of arrival of strong shaking. The alert time 

is the later of the time the alert message was sent and the time the confirmation message 

was sent. The warning time of an alert, a, is given by eq 4.13. The communication and 

processing delay was assumed to be 2 seconds (see Section 3.1).  

 WTa,g =  tshaking at g≥Th  –  ta  –  comm_delay (4.13) 

where ta is the time of the alert, and tshaking at g>Th is the time strong shaking is first detected at 

the grid point where the alert was recieved. 

The warning time can only be computed for correct alerts (timely or late); for precautionary 

or false alerts, there is no strong shaking at the grid point, and the warning time is not defined. 

If the warning time is positive, then the alert was a Correct Timely Alert; if the warning time 

was negative, then the alert was a Late Alert. 
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We can characterise the warning times at a grid cell by the mean of the warning times of the 

alerts at that grid cell. 

The mean warning time at a grid cell can be computed over all the correct alerts, including 

both timely and late alerts (WTCA). Alternatively, it can be computed just over the correct 

timely alerts (WTCTA). Although WTCTA ignores the late alerts, it may be a more useful measure 

of how much warning is provided in the cases where there a timely warning to which users 

could respond. We therefore use both measures. Equations 4.14 and 4.15 give the two mean 

warning time measures for a single grid cell.  

Mean WTCAg = mean
 𝑎∈ 𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝐴𝑔

(𝑊𝑇𝑎,𝑔) (4.14) 

Mean WTCTAg = mean
 𝑎∈ 𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝑇𝐴𝑔

(𝑊𝑇𝑎,𝑔) (4.15) 

where g  is a grid location,   

WTa,g  is the warning time of alert a received at grid location g,  

AlertsCAg is the set of all correct alerts at grid location g  in all periods, and  

AlertsCTAg  is the set of all correct timely alerts at grid location g  in all periods.  

A summary over the whole region can be computed by finding the distribution of the 

warning times of all correct alerts (or all correct timely alerts) at all grid cells in all periods. 

4.2.8 Population-weighted measures 

Section 3.4.3 of the previous chapter presented the need to weight the performance 

measures by population, based on the very uneven distribution of the population in the 

Canterbury region. However, that section multiplied the performance measures by the 

average population density in each cell, which led to performance measures that were hard 

to interpret, especially for the individual grid cells. A more appropriate method is to use the 

total population of each cell as a weighting. For the overall region measures, rather than 

taking the sum of the counts in each cell, it is more appropriate to weight the counts in a cell 

by the population of the cell. 

The population for each grid cell was calculated using the population data of the region in 

2020 (WorldPop, 2020). The population data is given for 30″x30″ data cells. The population 
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of each grid cell was calculated from the sum of the populations of the data cells that fell 

within the grid cell. 

Figure 4-10Figure 4-10 illustrates the population distribution in the selected region, 

highlighting that Christchurch City has a significantly higher population compared to 

surrounding rural areas. Clearly, the alerts have more impact in Christchurch City than in the 

rural areas of the Northwest region, which is reflected in the population-weighted measures. 

 

Figure 4-10 Population of the selected region in Canterbury. The colour of each square shows 
the population of the grid cell. 

In assessing the performance of PLUM, we primarily focus on several key metrics: the fraction 

of strong shaking events for which a Correct Timely Alert is issued (CTAnorm), and the fraction 

of alerts that are false alerts (FAnorm) or precautionary alerts (PAnorm). Therefore, the metrics 

are evaluated considering the population of each grid cell. 

Equations 4.16 to 4.18 give the formulas for the population-weighted measures of the 

normalised CTA, FA and PA. These measures can be interpreted as the expected fraction of 

times a person in the region would receive a correct timely alert or a false alert or a 
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precautionary alert, rather than the fraction of times a grid cell would receive such an alert. 

Equations 4.19 and 4.20 give the formulas for the population-weighted measures of the 

warning time, WTCA and WTCTA, which can be interpreted as the average time that a randomly 

selected person in the region would need to wait between receiving an alert and experiencing 

strong shaking. 

Population-weighted CTAnorm =     
∑ (∑ (𝐶𝑇𝐴𝑔,𝑝×𝑝𝑜𝑝𝑔)𝑔 )𝑝

∑ (∑ ((𝐶𝑇𝐴𝑔,𝑝+ 𝑀𝐿𝐴𝑔,𝑝)×𝑝𝑜𝑝𝑔)𝑔 )𝑝

 (4.16) 

Population-weighted PAnorm =
∑ (∑ (𝑃𝐴𝑔,𝑝×𝑝𝑜𝑝𝑔)𝑔 )𝑝

∑ (∑ ((𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝)×𝑝𝑜𝑝𝑔)𝑔 )𝑝

  (4.17) 

Population-weighted FAnorm =
∑ (∑ (𝐹𝐴𝑔,𝑝×𝑝𝑜𝑝𝑔)𝑔 )𝑝

∑ (∑ ((𝐶𝑇𝐴𝑔,𝑝+𝑀𝐿𝐴𝑔,𝑝+𝑃𝐴𝑔,𝑝+𝐹𝐴𝑔,𝑝)×𝑝𝑜𝑝𝑔)𝑔 )𝑝

  (4.18) 

Population-weighted WTCA =
∑ (∑ (𝑊𝑇𝑎,𝑔×𝑝𝑜𝑝𝑔)𝑎∈ 𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝐴𝑔 )𝑔

∑ (|𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝐴𝑔| ×𝑝𝑜𝑝𝑔)𝑔
 (4.19) 

Population-weighted WTCTAg =
∑ (∑ (𝑊𝑇𝑎,𝑔×𝑝𝑜𝑝𝑔)𝑎∈ 𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝑇𝐴𝑔 )𝑔

∑ (|𝐴𝑙𝑒𝑟𝑡𝑠𝐶𝑇𝐴𝑔| ×𝑝𝑜𝑝𝑔)𝑔
 (4.20) 

Where popg  is the population of grid cell g,   

AlertsCAg is the set of all correct alerts at grid cell g  in all periods,   

AlertsCTAg  is the set of all correct timely alerts at grid location g  in all periods, and  

WTa,g  is the warning time of alert a received at grid location g. 

4.2.9 Assessment of the EEW performance in simulated failure scenarios 

Sections 4.2.7 to 4.2.8 describe the evaluation of the performance of the PLUM algorithm, 

assuming that all sensors and communication networks work perfectly. However, during a 

major earthquake event, there is a possibility that the sensors, networks, or both could fail, 

which would affect the EEW system. Therefore, it is also necessary to evaluate the 

performance under simulated failure scenarios. 

There are several possible types of failure scenarios, ranging from minor to catastrophic. For 

example, one sensor could fail, or a number of sensors could fail, a network link could 

disappear, a network provider could fail, or the main central system could crash. We will first 

consider the major but not catastrophic scenario where one of the network service providers 

has a breakdown and then consider a worse scenario where the sensors in the band around 
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Christchurch all failed. In each case, we measure the performance metrics as in the previous 

analyses and compare them to the fully working case. 

GeoNet currently utilises three service providers for data communication from the sensors 

(R. Guest, personal communication, 2021; GeoNet, 2023) For the first experiment, we make 

the simplifying assumption that one-third of the stations are connected to each service 

provider and these three service providers are randomly distributed among the sensors. A 

breakdown of one service provider disconnecting the stations connected to that service 

provider from the network can therefore be represented by removing one-third of the 

stations randomly as illustrated in Figure 4-11. 

 

Figure 4-11 Failure Scenario A: removing one-third of the stations randomly to represent a 
breakdown of one service provider. Triangles represent sensors. Red triangles are the removed 
sensors, Black triangles are the remaining sensors. The red square represents the Canterbury 
region selected to evaluate performance. The black dotted circle represents the 250 km radius 
circle containing all the sensors that are relevant to the selected Canterbury region. 

In the second experiment, we removed stations in a band around Christchurch between 30 

km and 60 km from Christchurch City, as illustrated in Figure 4-12. For this scenario, the centre 
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of the most highly populated grid cell of the Canterbury region is considered as the centre of 

the city. We analysed the performance as in the first experiment. 

 

 

Figure 4-12 Failure Scenario B: removing stations in a band between 30 km and 60 km from 
the centre of Christchurch City. Blue circles show the 30 km and 60 km limits. Triangles 
represent sensors. Red triangles are the removed sensors, Black triangles are the remaining 
sensors. The red rectangle represents Canterbury region selected to evaluate performance. 
The Black dotted circle represents the 250 km radius circle containing all the sensors that are 
relevant to the selected Canterbury region. 

4.3 Results for the Canterbury region 

The PLUM algorithm was tested using the generated synthetic seismograms of all 945 

earthquakes across 182 grid locations and 131 station locations. The PLUM algorithm 

described in Section 4.2.6 was applied to each earthquake, and the results were aggregated 

to present the overall result for each 100-year period. Finally, the results were averaged over 
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all 100 periods to obtain the expected measures of the performance of an EEW system 

utilising PLUM over the next century if it were built on the current set of GeoNet sensors. 

First, the results are presented without considering the population, and then presented taking 

the population into consideration.  

4.3.1 Results for the Canterbury region by location 

The algorithm was evaluated on each 100-year period, applying it to each selected earthquake 

of that period, and for each different warning radius.  

Figure 4-13Figure 4-13 shows results for earthquakes of one particular 100-year period (#69) 

for the given parameters (warning radius =50 km, τh=42 cm/s2, τl=13 cm/s2). The eight 

earthquakes of the period were highlighted as red circles in Figure 4-7Figure 4-7. The size of 

the coloured square in each grid cell of Figure 4-13Figure 4-13 represents the number of 

strong shaking events at that grid location resulting from the earthquakes. For this particular 

period, it is clear that the earthquakes caused the most shaking events in the north-west 

corner of the region, some shaking events in the south-west quarter of the region but few 

shaking events in the eastern half of the region. Note that the site class at the grid point affects 

the shaking intensity, so there may be shaking exceeding threshold at a grid points of site E, 

even when shaking does not reach the threshold at neighbouring grid points of a different 

site class. 

The colours of the squares in Figure 4-13 indicate the fraction of correct timely alerts 

(CTAnorm,g) for those strong shaking events. Dark blue means 100% CTA (the given grid point 

received correct timely alerts for 100% of the shaking events). Dark red means 0% CTA (in 

other words 100% MLA). 50% CTA is represented by the light colour between pink and blue.  

The figure shows that for these 8 earthquakes, PLUM generated mostly correct timely alerts 

except in the middle of the western border of the region. However, many grid cells had no 

strong shaking events over the whole period, including much of the Christchurch region, and 

many had only one event. While looking at a single period is helpful, there are too few 

earthquakes to make any reliable conclusions. It is essential to consider the performance 

averaged over all the periods to obtain meaningful results.  
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Figure 4-13 Fraction of shaking events with Correct Timely Alerts at each grid point for a 

selected (period #69) 100-year period, PLUM radius =50 km, τh=42 cm/s2, τl=13 cm/s2. The 

colour of each square shows the value of CTAnorm,g where dark blue is 100% CTA and dark red 

is 100% MLA. The size of each square represents the number of shaking events above the τh 

threshold received by the grid point (smallest square=1, largest square=3). Insert shows the 
positions of the sensors in the region (see Figure 4-3Figure 4-3 for all sensors). See Figure 4–7 
for all earthquake sources. 

Figure 4-14Figure 4-14 illustrates the expected CTAnorm,g performance (see eq. 4.5), based on 

all 100 periods, using a warning radius of 50 km. Most of the grid cells of the selected region 

experienced some shaking above the threshold in at least some of the periods. Comparing 

the average results in Figure 4-14 to the results of a single 100-year period in Figure 4-13 

indicates that there is a possibility of getting strong shaking (above the threshold) for almost 

all locations across the region. However, most of the shaking occurs in the Northwest region 

because most of earthquakes are closer to that area. There is less shaking in the Southeast 

region, indicated by the smaller size of the squares, or no shaking at all indicated by blank grid 

cells. 

Consideration of Figure 4-14 suggests that, at a 50 km warning radius, Christchurch City 

almost always receives correct timely alerts: the grid cell covering the centre of the city (at -
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43.5° to -43.6°, 172.6° to 172.7°) achieved 100% CTA. In contrast, the west region of the area 

experiences more missed and late alerts.  

However, the population of the rural areas in the west is much less than the Christchurch City 

area, and Section 4.3.2 will discuss how to consider population density to evaluate the 

performance more usefully.  

 

Figure 4-14 Expected values of CTAnorm,g for all 100 random 100-year periods, PLUM radius 
=50 km, Th=0.42 m/s2, Tl=0.13 m/s2

. Size of squares shows expected number of shaking events 

above the τh (smallest square=0.1, largest square=2). Colour of squares shows CTAnorm,g. blue 

= 100% CTA; red = 0% CTA (100% MLA). Insert shows the positions of the sensors (see Figure 
4-3Figure 4-3 for all sensors). See Figure 4–7 for all earthquake sources. 

Figure 4-15Figure 4-15 shows the values of the expected FAnorm,g (fraction of alerts that are 

false alerts) in each grid cell. The size of the squares represents the expected number of all 

alerts (CTA+MLA+PA+FA) received by each grid cell.  

All the grid cells of the region get less than 19 % false alerts, with the majority of grid cells 

reporting a false alerts percentage less than 1 % (101 grid locations out of 182). Only 14 grid 

locations get more than 10% False Alerts. 
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The squares around Christchurch City are larger, showing the total number of alerts are higher 

around the city. This is due to the high station density. Most of those locations also get a 

smaller number of false alerts. 

 

Figure 4-15 Expected values of False Alerts vs All Alerts (expected FAnorm,g). PLUM radius =50 
km, Th=0.42 m/s2, Tl=0.13 m/s2. Size of squares shows expected number of all alerts received 
by the grid cell (smallest square= 0.6, largest square = 6.2). Colour of squares shows expected 
FAnorm,g, blue = 0% FA; red = 100% FA. Insert shows the positions of the sensors in the region 
(see Figure 4-3Figure 4-3 for all sensors). See  Figure 4–7 for all earthquake sources. 

Figure 4-16Figure 4-16 illustrates expected PAnorm,g, the number of Precautionary Alerts as a 

percentage of the number of all alerts received by that grid location. As the count of all alerts 

is higher around the Christchurch City, that area receives more precautionary alerts. The 

figure shows that most alerts will be precautionary. It is only in some grid cells in the west of 

the region that less than 50% of the alerts are precautionary alerts. 
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Figure 4-16 Expected value of Precautionary Alerts Vs All Alerts (expected PAnorm,g). PLUM 
radius =50 km, Th=0.42 m/s2, Tl=0.13 m/s2. Size of squares show expected number of all alerts 
received by the grid cell (small square=0.6, largest square=6.2). Colour of squares shows 
expected PAnorm,g, blue = 0% PA; red = 100% PA.  Insert shows the positions of the sensors in 
the region (see Figure 4-3 for all sensors). See  Figure 4–7 for all earthquake sources. 

Grid cell measures: CTAnorm, FAnorm and PAnorm 

Figure 4-17Figure 4-17 illustrates the relationship between the warning radius and the two 

key performance measures, CTAnorm and FAnorm. The figure shows that the higher radius will 

be best with respect to the CTA performance and worst for False Alerts. However, further 

analysis is required to choose the optimum warning radius considering other alerts such as 

Precautionary Alerts and population.  
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 (a) CTAnorm,g: radius=30 km (b) FAnorm,g: radius=30 km 

 
 (c) CTAnorm,g: radius=40 km (d) FAnorm,g: radius=40 km 

  
 (e) CTAnorm,g: radius=50 km (f) FAnorm,g: radius=50 km 

(Figure continued on next page) 
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 (g) CTAnorm,g: radius=60 km (h) FAnorm,g: radius=60 km 

Figure 4-17 Trade-off between expected CTAnorm,g and expected FAnorm,g for different warning 
radii: 30 km, 40 km, 50 km, and 60 km. Th=0.42 m/s2, Tl=0.13 m/s. Colour of squares as in 
Figure 4-14 (for a,c,e,g) and Figure 4-15 (for b,d,f,h). Square sizes as in Figure 4-14Figure 4-14 
for a,c,e,g and similar to Figure 4-15Figure 4-15 (i.e., show the relative values and are similar 
but vary slightly for each figure) for b,d,f,h.  

The number of precautionary alerts also increases with the warning radius as shown in Figure 

4-18Figure 4-18. However, the precautionary alert percentages around the Christchurch City 

remain similar at all four warning radii and therefore, the analysis that takes the population 

into consideration will be a better option for selecting an appropriate warning radius for the 

Canterbury region.  
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 (a) PAnorm,g: radius=30 km (b) PAnorm,g: radius=40 km 

 

 (c) PAnorm,g: radius=50 km (d) PAnorm,g: radius=60 km 

Figure 4-18 Values of Precautionary Alerts Vs All Alerts (PAnorm,g), for different warning radii. 
PLUM radius 30,40,50,60 km, Th=0.42 m/s2, Tl=0.13 m/s. Size of squares shows expected 
number of all alerts received by the grid cell. Square sizes show the relative values and are 
similar to Figure 4-16 but vary slightly for each figure. Colour of squares shows expected 
PAnorm,g, blue = 0% PA; red = 100% PA. 

Overall region measures 

The analysis above considered the PLUM outcomes at each grid cell separately. It is also useful 

to consider the performance of PLUM over the region as a whole. Table 4-5 shows the 

expected total number of each alert outcome over 100 years at the different warning radii 

(30 km, 40 km, 50 km and 60 km). The values were obtained by determining the mean over 

all the 100 periods of the total number of each alert outcome (see the performance indicators 
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in Table 4-2) across all grid cells. In general, a higher warning radius generates more correct 

timely alerts, fewer missed/late alerts, but many more precautionary alerts and false alerts. 

Table 4-5 Expected number of each PLUM outcome across whole region for different warning 
radii.  
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30 km 37 9% 17 4% 13 3% 31 8% 291 74% 4 1% 393 

40 km 46 9% 16 3% 6 1% 21 4% 434 81% 10 2% 533 

50 km 50 8% 15 2% 2 0% 17 3% 540 84% 20 3% 644 

60 km 53 7% 13 2% 1 0% 14 2% 642 85% 36 5% 759 

 

It is clear from Table 4-5 that there is a significantly larger number of precautionary alerts (PA) 

than other types of alerts. For a 30 km warning radius, the number of PA is approximately 

eight times greater than the number of CTA. For 60 km it is around 12 times. 

The number of false alerts (FA) is reasonable for the 30 km as it is only 11% of the CTA. 

However, when the radius increases, FA increases to 22%, 40%, and 68% as much as the CTA 

respectively. The largest improvement in CTA is when increasing the warning radius from 30 

km to 40 km; changing to 50 km or 60 km has much less effect on the CTA, though the FA 

keeps rising with each step. This suggests that the 40 km radius may be the best trade-off.  

As the warning radius increases, the number of late alerts (LA) and missing alerts (MA) 

decreases. For 30 km, MLA is equal to 84% of CTA and for the 60 km it is only 26%. Most of 

the new CTA generated when the warning radius is increased from 30 km to 40 km come from 

previously missing alerts. Extending the warning radius allows stations to provide alerts to 

grid points that received no alert at a smaller radius. The reduction in late alerts as the radius 

increases is much smaller.  

Table 4-6Table 4-6 shows the expected normalised performance measures for the whole 

region. The relevant equations are shown in Section 4.2.7 as equation 4.10, 4.11 and 4.12. 

The expected CTAnorm defined by equation 4.10, represents the probability of receiving a 

correct timely alert when a strong shaking event occurs at some location in the region. The 

expected CTAnorm is around 55% for the 30 km case and shows significant improvement when 



 

117 
 

the radius increases from 30 km to 40 km. Expected FAnorm represents the probability that an 

alert received at some location is a false alert. Expected FAnorm increases by 0.8% for 30 km 

to 40 km and then by 1.4% for 40 km to 50 km. Expected PAnorm represents the probability 

that an alert received at some location is a precautionary alert. It is significant that the 

expected PAnorm is high for all cases. According to these results, a warning radius between 40 

km and 50 km would be a good parameter choice, considering the trade-off between CTAnorm 

and FAnorm. However, if the 4.9% FAnorm and 86.1% PAnorm is acceptable, then the 60 km 

warning radius would be a better choice because it gives a better CTA to MLA ratio.  

Table 4-6 Expected CTAnorm, FAnorm and PAnorm across whole region for different warning 
radii. Note, the numbers in each row should not add to 100%; CTAnorm is a fraction of strong-
shaking events, and FAnorm and PAnorm are fractions of alerts received. 

Warning radius Expected CTAnorm Expected FAnorm Expected PAnorm 

30 km 54.7% 1.1% 80.3% 

40 km 68.1% 1.9% 84.9% 

50 km 74.4% 3.3% 86.0% 
60 km 79.1% 4.9% 86.1% 

 

Warning time measures 

To be effective, an alert must not only be correct and timely, but it must give sufficient 

warning time for the recipients to take action before the earthquake arrives. Figure 4-

19Figure 4-19 shows the expected mean warning time for each grid cell, at the four different 

warning radii. Even at the 30 km warning radius, the majority of grid cells have positive mean 

warning times, indicating more timely alerts than late alerts, especially in the South-East half 

of the region. As the warning radius increases, the fraction of timely alerts increases and at 

60 km warning radius, only a small band of grid cells still have a negative mean warning time. 

The maximum and minimum mean warning time values are displayed for each warning radius 

in captions (a)–(d) of Figure 4-19.  

We also measured the warning time across the whole region, computing not only the mean 

warning time of all the correct alerts, but also the distribution of the warning times. Figure 4-

20 and Figure 4-21 show the distribution of warning times.  
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Figure 4-20Figure 4-20 illustrates the expected warning time distribution for the region 

considering the correct timely alerts only. Each box plot shows the median (red line), along 

with the 25th and 75th percentiles, and includes outliers to indicate the range of variation in 

warning times. The analysis already accounts for a 2-second communication delay. The 

median warning time for a 30 km radius is 5.3 seconds, increasing to 7.0 seconds, 8.3 seconds, 

and 9.3 seconds as the PLUM warning radius expands to 40 km, 50 km, and 60 km, 

respectively.  
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 (a) WTCAg: radius=30 km (b) WTCAg: radius=40 km 
           min: -7.9s   max: 17.9s         min:-7.9s  max:18.5s  

   
  (c) WTCAg: radius=50 km (d) WTCAg: radius=60 km 
           min: -6.3s   max: 21.4s         min:-5.3s  max:21.9s 

Figure 4-19 Expected mean warning times for correct alerts, for different warning radii (30 km, 
40 km, 50 km, 60 km). Size of square represents the expected number of correct alerts in the 
cell (small square: 0.1, largest square: 1.6 (30 km), 1.6 (40 km), 1.8 (50 km), 2.0 (60 km). Colour 
of square represents the expected mean warning time: yellow/orange for a negative mean 
warning time (late); blue for a positive mean warning time (timely). The sub-captions for each 
case show minimum and maximum mean warning times across all the cells.  

Figure 4-20Figure 4-20 does not include the negative warning times of the late alerts, whereas 

Figure 4-21Figure 4-21 illustrates the distribution of expected warning times of all correct 

alert across the region including both timely and late alerts. The median warning time for a 

30 km radius is 2.7 seconds, increasing to 4.5 seconds, 6.0 seconds, and 7.4 seconds as the 

PLUM warning radius expands to 40 km, 50 km, and 60 km, respectively.  
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Figure 4-20 Distribution of WTCTA: box plots of warning times of all correct timely alerts across 
region. Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median (red line), 
25th and 75th percentiles, and the outliers. The dotted lines show the 25th percentile, median, 
and 75th percentile of the 50 km warning radius for comparison with other warning radii. 

 

Figure 4-21 Distribution of WTCA: box plots of warning times of all correct alerts across region. 
Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median (red line), 25th and 
75th percentiles, and the outliers. The dotted lines show the 25th percentile, median, and 75th 
percentile of the 50 km warning radius for comparison with other warning radii. 
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The mean and standard deviation of the warning time distributions are shown in Table 4-

7Table 4-7. To provide sufficient warning time for the region, a PLUM radius of 50 km or 60 

km may be required. 

Table 4-7 Mean ± standard deviation of distributions of WTCTA (warning time for timely alerts 
only) and WTCA (warning time for all correct alerts) for different warning radii. 

Warning Radius WTCTA (s) WTCA (s) 
30 km 6.0 ± 4.3  2.7 ± 6.3 
40 km 7.7 ± 5.1 4.5 ± 7.2 
50 km 9.0 ± 5.8 6.0 ± 7.8 
60 km 10.2 ± 6.5 7.4 ± 8.2 

 

These results suggest that PLUM EEW will perform well for the Christchurch City area but 

there are missed or late alerts in North-West rural areas of the selected region. However, to 

get performance scores that correspond better to the risk of possible injury and damage, it is 

necessary to take the population into account, which will be discussed in the next section. 

4.3.2 Results for the Canterbury region by population 

Section 4.3.1 described the performance of PLUM for the Canterbury region. However, these 

results did not account for the population density within the grid cells. Performance 

evaluation was solely based on the number of alerts and shaking events affecting relevant 

grid cells. Therefore, this section discusses the performance indicators, taking into account 

the population within the grid cells.  

Population-weighted grid cell measures 

Figure 4-22Figure 4-22 shows the expected CTAnorm,g for each grid cell taking into account the 

population, with a warning radius of 50 km. Figure 4-23 shows the same results for 30, 40, 60 

km radii. The colours of the squares show the same ratio of CTA to strong shaking events as 

in Figure 4-14Figure 4-14. However, the areas of the squares in Figure 4-22Figure 4-22 Figure 

4-14are weighted by the population, as well as the number of strong shaking events (greater 

than τh) experienced at that grid location. The area of the squares therefore represents the 

expected number of “person-events” for shaking events in that grid cell. Note that to ensure 
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that the colour of squares in low population cells is visible, squares that would have an area 

less than 1% of the largest square are shown as small fixed sized circles.  

For the 50 km scenario of Figure 4-22, the grid cell with the largest square (close to 

Christchurch City) has a population of 132,399 and experienced 19 shaking events over the 

100 sets of 100-year periods (an average of 0.2 events per 100 years). Therefore, the expected 

number of person-events at that grid cell is 26,480. The second largest square is 18,104 

expected person-events (population 90522 x 0.2 events). For Figure 4-22Figure 4-22Figure 4-

22, the small circles represent fewer than 250 person-events so the grid cells with squares 

represent the significant grid cells for EEW as the population highly weights them. The grid 

cells with the circles are much less critical due to the low population.  

The expected CTAnorm,g performance of the significant high-populated locations around 

Christchurch City is similar for all four warning radii, as illustrated in Figure 4-14 and Figure 4-

17. 

The grid cells with the highest and second highest population achieved a 100% CTA rate, 

whereas all the grid cells with a low CTA rate (white, pink, or red) had low populations and 

fewer than 250 person-events. A rough measure of population-based performance is to 

examine the CTA rates just over the significant grid cells, indicated by squares, which gives a 

minimum CTA rate of 67% and a median of 93% and a mean of 90%. This indicates that PLUM 

would work well in the areas of high population density. This can be compared to the overall 

median and mean CTA rate across all grid cells of 79% and 77% respectively when population 

is ignored. 

Note that this analysis assumes that the population distribution will be similar for the next 

100 years. 
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Figure 4-22 Population-weighted CTAnorm,g PLUM warning radius=50 km, τh=0.42 m/s2, 

τl=0.13 m/s2. The area of each square represents the number of person-shaking events—the 

product of the population and the expected number of significant shaking events (pga ≥ τh) 

experienced at that grid location (smallest square=250, largest square=26480). Color of each 
square represents the value of CTAnorm,g. To ensure that the colour of squares in low 
population cells is visible, squares that should have area less than 1% of the largest square are 
shown as small fixed-size circles. (For this case, circles denote those cells with fewer than 250 
person-events. Insert shows the positions of the sensors in the region (see Figure 4-3 for all 
sensors). 
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  (a) radius=30 km  (b) radius=40 km 

 
  (c) radius=60 km   

Figure 4-23 Population-weighted CTAnorm,g, other PLUM warning radii (a) 30 km, (b) 40 km, 
(c) 60 km. Other parameters are as in Figure 4-22. 

Figure 4-24Figure 4-24 shows the expected FAnorm,g for each grid cell taking into account the 

population, with a warning radius of 50 km. The colours of the squares show the same ratio 

of false alerts to all alerts as Figure 4-15. Since FAnorm,g is expressed as a fraction of the total 

number of alerts, the area of each square in Figure 4-15 is weighted by the population 

multiplied by the expected number of alerts received at that grid location. The area of the 

squares therefore represents the expected number of “person-alerts” received in that grid 

cell. 

Figure 4-25Figure 4-25 shows the expected FAnorm,g for 30, 40, 60 km warning radii and the 

results are similar to Figure 4-24 for the significant high populated grid cells. 
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Figure 4-24 Population-weighted FAnorm,g PLUM radius =50 km: False Alerts vs. All Alerts for all 
100 random 100-year periods (total 10,000 years), Th=0.42 m/s2, Tl=0.13 m/s2). Colour 
represents the FAnorm,g: blue = 0% false alerts, red = 100% false alerts. The area of each square 
represents the number of person-alerts—the product of the population and the expected 
number of alerts received at that grid location (largest square=1853586, smallest 
square=6600). Squares that would have an area less than 1% of the largest square (ie, less 
than 6,600 person-alerts in this case) are shown as small fixed-size circles. The insert shows 
the positions of the sensors (see Figure 4-3 for all sensors) in the region. 
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  (a) radius=30 km  (b) radius=40 km 

  
  (c) radius=60 km   

Figure 4-25 Population-weighted FAnorm,g, PLUM radius 30, 40, 60 km, other parameters are 
as in Figure 4-24. 

 

Similarly, Figure 4-26Figure 4-26 illustrates the Population-weighted normalized 

precautionary alerts for each grid (PAnorm,g). The results show that precautionary alerts are 

more frequent in highly populated areas. 
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  (a) radius=30 km  (b) radius=40 km 

 
  (c) radius=50 km  (d) radius=60 km 

Figure 4-26 Population-weighted PAnorm,g,: Precautionary Alerts vs. All Alerts for all 100 
random 100-year periods (total 10,000 years), PLUM radius = (a) 30 km, (b) 40 km, (c) 50 km 
and (d) 60 km. Th=0.42 m/s2, Tl=0.13 m/s2). The area of each square represents the number 
of person-alerts—the product of the population and the expected number of alerts received 
at that grid location (largest square=1853586, smallest  square=6600). Squares that would 
have an area less than 1% of the largest square are shown as small fixed-size circles (less than 
6,600 person-alerts in this case).   
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Population-weighted overall region measures 

Figure 4-22 to Figure 4-26 provide a useful visual representation of the geographically-

distributed population-weighted Correct Timely Alerts, False Alerts and Precautionary Alerts. 

To give a measure of the performance over the whole region in order to facilitate comparisons 

across various parameters and settings, such as different PLUM warning radii and when 

adding or removing sensors, we use the population-weighted measures defined in equations 

4.16 – 4.20 of Section 4.2.8. 

The expected population-weighted CTAnorm score is measured by summing the CTA of each 

grid cell weighted by the population of the grid cell and then dividing by the sum of the 

product of the population of each cell and the total of the number of strong shaking events 

in the cell, as defined in equation 4.16. This gives the probability that an arbitrary person in 

the region who has experienced a strong shaking event will have received a correct timely 

alert for that event. The same approach applies to the FAnorm score and PAnorm score, as 

defined in equations 4.17 and 4.18. The population-weighted performance scores for various 

PLUM warning radii are presented in Table 4-8, along with the unweighted scores copied from 

Table 4-6 in Section 4.3.1. As in the unweighted case, the CTAnorm performance improves with 

increasing warning radius while the FAnorm performances get worse. However, the 

population-weighted PAnorm performance does not change much with warning radius. 

Table 4-8 Unweighted and Population-weighted CTAnorm, FAnorm, PAnorm for warning radii 30 
km, 40 km, 50 km, 60 km.  

Warning 
radius 

CTAnorm FAnorm PAnorm 

Unweighted 
Population 
weighted 

Unweighted 
Population 
weighted 

Unweighted 
Population 
weighted 

30 km 54.7% 89.6% 1.1% 0.2% 80.3% 94.9% 

40 km 68.1% 92.6% 1.9% 0.2% 84.9% 95.1% 

50 km 74.4% 94.1% 3.3% 0.4% 86.0% 95.1% 

60 km 79.1% 94.8% 4.9% 0.8% 86.1% 94.8% 

 

Table 4-8Table 4-8 shows that the population-weighted scores for CTAnorm and FAnorm are 

better than the unweighted results. For example, the population-weighted CTAnorm 

performance score for the 50 km case (corresponding to the results shown in Figure 4-22) is 

94.1% which is about 20% above the unweighted score of 74.4%. For the 30 km case, the 
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population-weighted CTAnorm is about 35% above the unweighted score. The population-

weighted FAnorm is also better than the unweighted results, by a factor of more than 5. 

However, the population-weighted PAnorm is worse than the unweighted performance, 

increasing to about 95% for all warning radii.  

The overall population-weighted CTAnorm and FAnorm results show that PLUM works well for 

the highly populated area of the Canterbury, though the high value of PAnorm is of concern. 

The performance can be attributed to the dense sensor network around Christchurch City, 

which also corresponds to areas of high population density. 

Population-weighted warning time measures  

Section 4.3.1 discussed the warning times without considering the population. The expected 

mean warning times for correct alerts were illustrated in Figure 4-19; the same results are 

shown in Figure 4-27 and Figure 4-28, except that the sizes of the coloured squares are now 

determined by the product of population and the number of correct alerts. The size of a 

square can be interpreted as the expected number of times any person in the grid cell will 

receive a correct alert.  

The expected mean warning time for the largest square in Figure 4-27Figure 4-27 is 14 

seconds for the 50 km warning radius. This is for the grid location within Christchurch City at 

latitude -43.55 and longitude 172.65, and is the most populated grid cell. For the second 

largest square, the expected mean warning time is 12.7 seconds.  

The expected mean warning times for the same largest square in Figure 4-28 (Christchurch 

City) are 11.6 seconds, 13.2 seconds, and 14.5 seconds for the 30 km, 40 km, and 60 km 

respectively.  
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Figure 4-27 Population-weighted expected mean warning times for all correct alerts, WTCAg, 
for warning radius 50 km. Size of squares represents the expected number of correct person-
alerts in the cell (largest square=2515581,smallest square=25688). Colour of squares 
represents the expected mean warning time: yellow for a negative mean warning time (late); 
blue for a positive mean warning time (timely). Squares that would have an area less than 1% 
of the largest square are shown as small fixed-size circles. ). Insert shows the positions of the 
sensors in the region (see Figure 4-3 for all sensors). 

The overall population-weighted mean warning times for the region are shown in Table 4-

9Table 4-9, along with the unweighted mean warning times copied from Table 4-7Table 4-7. 

The population-weighted warning times for all correct alerts are better than the unweighted 

warning times by almost 1.5 seconds. The population-weighted warning times for the correct 

timely alerts are better than the unweighted warning times by about 5 seconds, and also have 

a smaller variance. Combined with the population-weighted CTAnorm data in Table 4-8, this 

shows that with a warning radius of 50 km, a large fraction of the population of Canterbury 

would get around 11 seconds warning time for about 95% of strong shaking events.  
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 (a) Pop weighted WTCAg: radius=30 km (b) Pop weighted WTCAg: radius=40 km 

 
 (c) Pop weighted WTCAg: radius=60 km  

Figure 4-28 Population-weighted expected mean warning times for all correct alerts, for 
warning radii (a) 30 km, (b) 40 km and (c) 60 km. Size of squares represents the expected 
number of correct person-alert events in the cell (largest square=2515581, small 
square=25688). Colour of squares represents the expected mean warning time: yellow for a 
negative mean warning time (late); blue for a positive mean warning time (timely). Squares 
that would have an area less than 1% of the largest square are shown as small circles. 
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Table 4-9 Unweighted and Population-weighted mean warning times (± standard deviation) 
for all correct alerts, and for correct timely alerts, for warning radii 30 km, 40 km, 50 km, 60 
km.  

Warning 
radius 

Mean WTCA (S) Mean WTCTA (S) 

Unweighted 
Population 
weighted 

Unweighted 
Population 
weighted 

30 km 2.7 ± 6.3 7.5 ± 3.4 6.0 ± 4.3  8.4 ± 2.6 

40 km 4.5 ± 7.2 9.0 ± 3.2 7.7 ± 5.1 9.8 ± 2.7 

50 km 6.0 ± 7.8 10.3 ± 3.1 9.0 ± 5.8 11.0 ± 2.6 

60 km 7.4 ± 8.2 11.4 ± 2.6 10.2 ± 6.5 12.1 ± 2.1 

4.3.3 Results for failure scenarios 

The performance of the PLUM algorithm was also evaluated under two sensor failure 

scenarios, as detailed in Section 4.2.9. In the first scenario, a communication breakdown was 

simulated by randomly removing one-third of the 131 stations, representing a failure of one 

network service provider. In the second failure scenario, all stations within a 30 km to 60 km 

band around Christchurch were removed, representing a much less likely, but potentially 

more damaging scenario. 

The results presented in this section follow the same format as Section 4.3.1 and 4.3.2. 

However, the graphs are provided only for the 50 km warning radius as the results for other 

warning radii show a very similar pattern of performance changes as the 50 km warning 

radius. 

Removing 33% stations: grid cell measures 

Figure 4-29Figure 4-29 compares the expected normalized Correct Timely Alerts for each grid 

(CTAnorm,g) for a 50 km warning radius under two scenarios (a) with all stations present and 

(b) with 33% of the stations removed. The right figure (b) shows the impact of removing 33% 

of the stations, where a small decrease in the percentage of correct timely alerts can be 

observed in some places, but there is no a major change in the performance. 
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 (a) CTAnorm,g All stations (b) CTAnorm,g 33% of stations removed 

Figure 4-29 CTAnorm,g for warning radius 50 km, with 33% of stations removed compared to 
all stations present. Size of squares represents number of strong shaking events in each grid 
cell (smallest square=0.1, largest square=2). Colour of squares represents the number of 
correct timely alerts as a fraction of the shaking events.  

Figure 4 

Figure 4-30 illustrates the expected normalized False Alerts for each grid cell (FAnorm,g) for a 

50 km warning radius under two scenarios: (a) with all stations present, and (b) with 33% of 

the stations removed. Comparing the two scenarios, removing 33% of the stations slightly 

decreases the percentage of false alerts, but does not significantly change across most grid 

cells, as indicated by the consistent blue shading. 

 

 (a) FAnorm,g All stations (b) FAnorm,g 33% of stations removed 
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Figure 4-30 FAnorm,g for warning radius 50 km, with 33% of the stations removed compared to 
all stations present. Size of squares represents the number of alerts received by each grid cell 
(smallest square= 0.6, largest square = 6.2) . Colour of squares represents the number of false 
alerts as a fraction of the total alerts. 

Figure 4-31 displays the expected normalized Precautionary Alerts for each grid cell (PAnorm,g) 

for a 50 km warning radius under two scenarios: (a) with all stations present, and (b) with 33% 

of the stations removed. The comparison between the two scenarios indicates that removing 

33% of the stations results in a slight decrease in percentage of Precautionary Alerts in some 

locations but does not significantly change across most grid cells. 

 

 (a) PAnorm,g All stations (b) PAnorm,g 33% of stations removed 

Figure 4-31 PAnorm,g for warning radius 50 km, with 33% of the stations removed compared to 
all stations present. Size of squares represents the number of alerts received by each grid cell 
(smallest square= 0.6, largest square = 6.2). Colour of squares represents the number of 
precautionary alerts as a fraction of the total alerts. 

Removing 33% stations: region measures  
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Table 4-10  
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Table 4-10 presents the expected values of CTAnorm, FAnorm and PAnorm for the entire region 

for different warning radii comparing scenarios with all stations operational and with 33% of 

the stations removed. The table shows that removing 33% of the stations reduces the CTAnorm 

probability across all warning radii, with the most significant drop at the 30 km radius (from 

54.7% to 46.9%). But the reduction for the 50 km radius is 5.8% only. The results indicate a 

slight decrease in FAnorm with station removal, suggesting a small reduction in the false alerts. 

PAnorm values also show a slight decrease. 
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Table 4-10 Expected CTAnorm, FAnorm and PAnorm with 33% of the stations removed compared 
with all stations working, across whole region and for warning radii 30 km, 40 km, 50 km, 60 
km. 

Warning 
radius 

Expected CTAnorm Expected FAnorm Expected PAnorm 

All 
stations 

33% 
removed 

All 
stations 

33% 
removed 

All 
stations 

33% 
removed 

30 km 54.7% 46.9% 1.1% 0.9% 80.3% 78.6% 
40 km 68.1% 60.8% 1.9% 1.8% 84.9% 84.0% 
50 km 74.4% 68.6% 3.3% 3.0% 86.0% 85.5% 
60 km 79.1% 74.0% 4.9% 4.7% 86.1% 85.8% 

Table 4-11Table 4-11 presents the expected number of each alert outcome for the region for 

different warning radii comparing scenarios with all stations operational and with 33% of the 

stations removed. The results show that removing 33% of the stations generally leads to a 

slight decrease in the number of CTA across all warning radii. There is an increase in LA and 

MA, indicating that some CTA alerts become either late or missed when fewer stations are 

available. For PA and FA, the results suggest a decrease in the number of precautionary and 

false alerts when stations are removed. But the changes are minor, showing that the PLUM 

algorithm can handle station loss well. 

Table 4-11 Expected number of each PLUM outcome with 33% of the stations removed 
compared with all stations working, across whole region and for warning radii 30 km - 60 km. 

Warning 
radius 

CTA LA MA MLA PA FA 
All 33%  All 33%  All 33%  All 33%  All 33%  All 33%  

30 km 37 32 17 18 13 17 31 36 291 259 4 3 
40 km 46 41 16 18 6 9 21 26 434 398 10 8 
50 km 50 46 15 17 2 4 17 21 540 504 20 18 
60 km 53 50 13 15 1 2 14 18 642 609 36 33 

 

Table 4-12Table 4-12 shows the population-weighted values for CTAnorm, FAnorm and PAnorm 

with all stations operational and with 33% of the stations removed. The population-weighted 

CTAnorm, slightly decreases when 33% of the stations are removed. The population-weighted 

FAnorm values remain very low and unchanged at most warning radii except 60 km, even after 

station removal. PAnorm shows a negligible decrease with station removal as it got high values 

in both cases.  
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Table 4-12 Population-weighted CTAnorm, FAnorm, PAnorm with 33% of the stations removed 
compared with all stations working, across whole region and for warning radii 30 km, 40 km, 
50 km, 60 km. 

Warning 
radius 

Population-weighted 
CTAnorm 

Population-weighted 
FAnorm 

Population-weighted 
PAnorm 

All 
stations 

33% 
removed 

All 
stations 

33% 
removed 

All 
stations 

33% 
removed 

30 km 89.6% 85.1% 0.2% 0.2% 94.9% 94.8% 
40 km 92.6% 89.1% 0.2% 0.2% 95.1% 94.9% 
50 km 94.1% 90.8% 0.4% 0.4% 95.1% 94.9% 
60 km 94.8% 92.0% 0.8% 0.7% 94.8% 94.7% 

 

Removing 33% stations: warning time 

Figure 4-32Figure 4-32 illustrates the expected mean warning times for all correct alerts 

within a 50 km radius comparing two scenarios: (a) when all stations are included, and (b) 

when 33% of the stations are removed. As shown in the figure, even after removing a 

significant number of stations, the overall pattern of warning times stays mostly the same 

with only a very little reduction in the scenario in which 33% of stations are removed. 

  
  (a) WTCAg: All stations (b) WTcag: 33% of stations removed 
            min: -6.3s   max:21.4s min: -6.5s   max: 21.1s        . 

Figure 4-32 Expected WTCAg with 33% of stations removed for warning radius 50 km, 
compared with all stations. Size of squares represents the expected number of correct alerts 
in the cell (small square=0.1, largest square=1.8). Colour of squares represents the expected 
mean warning time: yellow/orange for a negative mean warning time (late); blue for a positive 
mean warning time (timely). 
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Figure 4-33Figure 4-33 presents the warning times distribution of all correct alerts across the 

region, displayed as box plots. The plots compare scenarios with all stations (blue) and with 

33% of the stations removed (orange). Each box plot displays the median (red line), along with 

the 25th and 75th percentiles, and includes outliers to show the range of variation in warning 

times. It is clear that distribution is slightly impacted by the removal of station but there is no 

significant change. 

 

Figure 4-33 Distribution of WTCA with 33% of stations removed: box plots of warning times of 
all correct alerts across region, with all stations (blue), and with 33% of the stations removed 
(orange). Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median (red line), 
25th and 75th percentiles, and the outliers. 

Figure 4-34Figure 4-34 illustrates the distribution of warning times for all correct timely alerts 

across the region to compare scenarios with all stations included (blue) versus 33% of the 

stations removed (orange). The results indicate that while the removal of 33% of stations does 

slightly impact the distribution of warning times, the overall effect is not significant. 

Table 4-13Table 4-13 shows the mean warning times along with their standard deviations, 

both before and after the removal of stations. The removal of 33% of the stations results in a 

 All                  33%  All                  33%  All                  33%  All                  33%  
 stations     removed  stations     removed  stations     removed  stations     removed 

  30km 40km 50km 60km 
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reduction of the mean warning time for correct timely alerts by up to 0.5 seconds, and for all 

correct alerts by up to 1 second. There is very little change to the standard deviation. It is 

showing that the warning times are still mostly consistent even after reducing the number of 

stations. 

Based on all results of the 33% random station removal scenario, we conclude that the PLUM 

EEW performance remains relatively stable even with a reduction in the number of stations.  

 

Figure 4-34 Distributions of WTCTA with 33% of stations removed: box plots of warning times 
of all correct timely alerts across region with all stations (blue), and with 33% of stations 
removed (orange). Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median 
(red line), 25th and 75th percentiles, and the outliers. 

Table 4-13 Mean ± standard deviation of distributions of WTCTA and WTCA (warning time for 
timely alerts and for all correct alerts) with 33% of stations removed and with all stations 
working, for different warning radii. 

Warning 
Radius 

WTCTA (s) WTCA (s) 
All stations 33% removed All stations 33% removed 

30 km 6.0 ± 4.3 5.9 ± 4.4 2.7 ± 6.3 2.0 ± 6.6 
40 km 7.7 ± 5.1 7.4 ± 5.0 4.5 ± 7.2 3.8 ± 7.3 

 All                  33%  All                  33%  All                  33%  All                  33%  
 stations     removed  stations     removed  stations     removed  stations     removed 

  30km 40km 50km 60km 
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50 km 9.0 ± 5.8 8.6 ± 5.6 6.0 ± 7.8 5.0 ± 7.8 
60 km 10.2 ± 6.5 9.7 ± 6.3 7.4 ± 8.2 6.4 ± 8.3 

Removing stations from band: grid cell measures 

In the second failure scenario, all stations within a 30 km to 60 km band around Christchurch 

(centred at the grid cell with the highest population where Christchurch City is located) were 

removed (see Figure 4-12Figure 4-12). 

Figure 4-35 presents the expected CTAnorm,g results for each grid for each warning radius, 

comparing (on the left) the original scenario where all stations are present, and (on the right) 

the scenario where stations in this band were removed. Unlike the previous scenario, the 

results for all warning radii are shown because there are some visible differences between 

the different warning radii. Particularly at the lower warning radii, removing stations in the 

band around Christchurch visibly reduces the CTAnorm,g performance immediately to the 

north and west of Christchurch, though it does not appear to affect performance in 

Christchurch itself very much. At 60 km warning radius, removing the stations appears to have 

little effect, except in the northern part of the band itself.  

Figure 4-36 and Figure 4-37 illustrate the expected FAnorm,g and PAnorm,g results for the 50 km 

warning radius, comparing (a) the results with all stations present and (b) the results after the 

removal of stations in the specified band around Christchurch. For both FAnorm,g and PAnorm,g, 

the figures show that the removal of stations in the band did not have a visible impact on the 

false alert and precautionary alert ratios. The results for other warning radii are not shown 

because that are very similar to the results for the 50 km warning radius.  
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 (a) CTAnorm,g 30 km, all stations (b) CTAnorm,g 30 km, stations in band removed 

 

 (c) CTAnorm,g 40 km, all stations (d) CTAnorm,g 40 km, stations in band removed 

 
 (e) CTAnorm,g 50 km, all stations (f) CTAnorm,g 50 km, stations in band removed 

(figure continued on next page) 
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 (g) CTAnorm,g 60 km, all stations (h) CTAnorm,g 60 km, stations in band removed 

Figure 4-35 CTAnorm,g with stations in band removed: (a),(c),(e),(g): CTAnorm,g with all stations 
present, and (b),(d),(f),(h): CTAnorm,g with stations in band 30-60 km from Christchurch 
removed. For warning radii 30 km, 40 km, 50 km and 60 km, The orange highlighted region in 
(b) shows the band where stations are removed (also see Figure 4-12). Size of squares 
represents number of strong shaking events in each grid cell (smallest square=0.1, largest 
square=2). Colour of squares represents the number of correct timely alerts as a fraction of 
the shaking events. 

 

 
 (a) FAnorm,g all stations (b) FAnorm,g stations in band removed 

Figure 4-36 FAnorm,g with stations in band removed for warning radius 50 km: FAnorm,g with (a) 
all stations present, and (b) stations in band 30-60 km from Christchurch removed. Size of 
squares represents the number of all alerts received by each grid cell (smallest square= 0.6, 
largest square = 6.2). Colour of squares represents the number of false alerts as a fraction of 
the total alerts. 
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 (a) PAnorm,g all stations (b) PAnorm,g stations in band removed 

Figure 4-37 PAnorm,g with stations in band removed for warning radius 50 km: PAnorm,g with 
(a) all stations present, and (b) all stations in band 30-60 km from Christchurch removed. Size 
of squares represents the number of all alerts received by each grid cell (smallest square= 0.6, 
largest square = 6.2). Colour of squares represents the number of precautionary alerts as a 
fraction of the total alerts. 

Removing stations from band: region measures 

Table 4-14 Table 4-14presents the expected values of CTAnorm, FAnorm and PAnorm across the 

entire region for different warning radii, comparing scenarios with all stations operational and 

with stations in a 30-60 km band around Christchurch removed. The results indicate that while 

the removal of stations in this band does have some effect on the performance, the impact is 

relatively tolerable. For instance, the expected CTAnorm decreases slightly across all warning 

radii with the largest drop of 7% at the 30 km warning radius (from 54.7% to 47.7%) and the 

smallest drop of only 2.5% for the 60 km warning radius. The expected FAnorm shows almost 

no change with the removal of the band stations. Similarly, the expected PAnorm indicates only 

a minor decrease when the stations are removed.  
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Table 4-14 Expected CTAnorm, FAnorm and PAnorm, with station in band removed compared 
with all stations working, across whole region and for different warning radii. Band covers 
stations 30-60 km from Christchurch. 

Warning 
radius 

Expected CTAnorm Expected FAnorm Expected PAnorm 

All 
stations 

Band 
removed 

All 
stations 

Band 
removed 

All 
stations 

Band 
removed 

30 km 54.7% 47.7% 1.1% 1.1% 80.3% 79.5% 
40 km 68.1% 63.2% 1.9% 1.9% 84.9% 84.5% 
50 km 74.4% 71.3% 3.3% 3.2% 86.0% 85.8% 
60 km 79.1% 76.6% 4.9% 4.8% 86.1% 86.0% 

 

Table 4-15Table 4-15 shows the expected number of each alert outcome across the entire 

region for different warning radii comparing scenarios with all stations operational and with 

stations in a 30-60 km band around Christchurch removed. There is a slight reduction in the 

number of CTA when the band of stations is removed, particularly at 30 km warning radius (a 

decrease from 37 to 32). But the decrease becomes less noticeable as the warning radius 

increases. The number of LA slightly increases when stations in the band are removed, 

presumably because some alerts are being issued by stations closer to the receiving grid point. 

For example, at a 30 km radius, LA increase from 17 to 20. MA also shows a small increase 

when stations are removed. The number of PA decreases slightly when the band of stations 

is removed, and FA almost remains unchanged. 

Table 4-15 Expected number of each PLUM outcome with station in band removed compared 
with all stations working, across whole region and for different warning radii. Band covers 
stations 30-60 km from Christchurch. 

Warning 
radius 

CTA LA MA MLA PA FA 
All Band  All Band  All Band  All Band  All Band  All Band  

30 km 37 32 17 20 13 15 31 35 291 277 4 4 
40 km 46 43 16 18 6 6 21 25 434 421 10 10 
50 km 50 48 15 17 2 3 17 19 540 529 20 20 
60 km 53 52 13 14 1 1 14 16 642 633 36 35 

 

Table 4-16Table 4-16 presents the population-weighted values for CTAnorm, FAnorm and 

PAnorm across different warning radii comparing scenarios where all stations are operational 

versus when stations in a 30-60 km band around Christchurch are removed. There is a 

noticeable decrease in the population-weighted CTAnorm when the band of stations is 
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removed, particularly at the 30 km radius (dropping from 89.6% to 78.2%). However, this 

reduction decreases as the warning radius increases (e.g., only 94.8% to 90.2% at 60 km). The 

population-weighted FAnorm remains nearly unchanged across all radii with only a slight 

decrease observed at the 60 km radius (from 0.8% to 0.7%). The population-weighted FAnorm 

remains constant across all radii with no change observed when the band of stations is 

removed. 

Table 4-16 Population-weighted CTAnorm, FAnorm, PAnorm with station in band removed 
compared with all stations working, across whole region and for different warning radii. Band 
covers stations 30-60 km from Christchurch. 

Warning 
radius 

Population-weighted 
CTAnorm 

Population-weighted 
FAnorm 

Population-weighted 
PAnorm 

All 
stations 

Band 
removed 

All 
stations 

Band 
removed 

All 
stations 

Band 
removed 

30 km 89.6% 78.2% 0.2% 0.2% 94.9% 94.9% 

40 km 92.6% 82.5% 0.2% 0.2% 95.1% 95.1% 

50 km 94.1% 87.4% 0.4% 0.4% 95.1% 95.1% 
60 km 94.8% 90.2% 0.8% 0.7% 94.8% 94.8% 

 

 
Removing stations from band: warning time 

Figure 4-38Figure 4-38 displays the expected mean warning times for all correct alerts within 

50 km warning radius, comparing two scenarios: (a) with all stations operational, and (b) with 

stations in the 30-60 km band around Christchurch removed. The comparison shows that 

removing stations in the 30-60 km band results in only minor changes to the overall warning 

times, with the maximum and minimum values remaining consistent between the two 

scenarios. The results are very similar at other warning radii and are therefore not shown. 
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  (a) WTCAg: All stations (b) WTCAg: stations in band removed 
             min: -6.3s   max:21.4s min: -6.3s   max: 21.4s        . 

Figure 4-38 Expected WTCAg with stations in band removed: mean warning times for all correct 
alerts for warning radius 50 km, (a) with all stations, and (b) with stations in band 30 km-60 
km from Christchurch removed. Size of squares represents the expected number of correct 
alerts in the cell (small square=0.1, largest square=1.8). Colour of squares represents the 
expected mean warning time: yellow/orange for a negative mean warning time (late); blue 
for a positive mean warning time (timely). 

Figure 4-39Figure 4-39 shows the distributions of warning times for correct alerts through box 

plots. The figure contrasts two scenarios: one with all stations operational (blue) and another 

with the band of stations between 30 km and 60 km from Christchurch removed (orange). 

The comparison shows that removing the band of stations causes some changes in the 

distribution of warning times, but the overall pattern stays consistent. 



 

148 
 

 

Figure 4-39 Distributions of WTCA with band of stations removed: box plots of warning times 
of all correct alerts across region, with all stations (blue), and with band of stations between 
30 km-60 km from Christchurch removed (orange). Warning radii 30 km, 40 km, 50 km, 60 km. 
The box plots show the median (red line), 25th and 75th percentiles, and the outliers. 

Figure 4-40Figure 4-40 shows the distributions of warning times for correct timely alerts to 

compare warning times across the region under both scenarios. As with all correct alerts 

above, the comparison indicates that while removing the band of stations causes some small 

changes in the distribution of warning times, the overall pattern remains consistent across 

the different warning radii. 

 All              Band  All               Band  All               Band  All                Band  
 stations     removed  stations     removed  stations     removed  stations     removed 
  30km 40km 50km 60km 
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Figure 4-40 Distributions of WTCTA with band of stations removed : box plots of warning times 
of all correct alerts across region with all stations (blue), and with band of stations between 
30 km-60 km from Christchurch removed (orange). Warning radii 30 km, 40 km, 50 km, 60 km. 
The box plots show the median (red line), 25th and 75th percentiles, and the outliers. 

Table 4-17Table 4-17 presents the mean and standard deviation of the distributions of WTCTA 

(warning time for timely alerts only) and WTCA (warning time for all correct alerts) across 

different warning radii. The table compares the scenarios with all stations operational and 

with the band of stations between 30 km and 60 km from Christchurch removed. The mean 

warning times for timely alerts slightly decrease when the band of stations is removed, but 

the change is minimal. For instance, at the 30 km radius, the mean WTCTA drops slightly from 

6.0 seconds with all stations to 5.9 seconds with the band removed. The standard deviation 

stays consistent, showing similar variability in warning times for both scenarios. The mean 

WTCA also decreases when the band of stations is removed, with a larger reduction compared 

to WTCTA. At the 30 km radius, the mean WTCA drops from 2.7 seconds to 1.9 seconds. As the 

warning radius increases, the difference between the scenarios gets smaller indicating that 

removing the band of stations has less impact at larger radii. 

 All              Band  All               Band  All               Band  All                Band  
 stations     removed  stations     removed  stations     removed  stations     removed 
  30km 40km 50km 60km 
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Table 4-17 Mean ± standard deviation of distributions of WTCTA and WTCA (warning time for 
timely alerts and for all correct alerts) with band of stations between 30 km-60 km from 
Christchurch removed and with all stations working, for different warning radii. 

Warning 
Radius 

WTCTA (s) WTCA (s) 
All stations Band removed All stations Band removed 

30 km 6.0 ± 4.3 5.9 ± 4.4 2.7 ± 6.3 1.9 ± 6.5 
40 km 7.7 ± 5.1 7.4 ± 5.1 4.5 ± 7.2 3.8 ± 7.3 
50 km 9.0 ± 5.8 8.8 ± 5.8 6.0 ± 7.8 5.4 ± 7.8 
60 km 10.2 ± 6.5 10.1 ± 6.5 7.4 ± 8.2 7.0 ± 8.4 

 

Overall, the results suggest that removing the band of stations between 30 km and 60 km 

from Christchurch results in a slight decrease in the performance. However, the changes are 

relatively small, and the PLUM EEW continues to provide effective EEW even with the loss of 

stations. 

4.4 Discussion  

This section discusses the results from Section 4.3, focusing on issues that are specific to the 

Canterbury region. Issues that apply to both the Canterbury region and the Wellington region 

(Chapter 5) are discussed in Chapter 6. 

The results presented in Section 4.3.1 suggest that Christchurch City and its surroundings (the 

central area of the eastern part of the map) almost always get correct timely alerts, whereas 

the west region of the area gets more missed and late alerts. According to Figure 4-14, the 

expected fraction of correct timely alerts (out of all strong shaking events) exceeds 50% for 

the majority of locations. However, a few locations, primarily situated in the western half of 

the region, have a higher fraction of missed or late alerts compared to correct timely alerts. 

Almost all of those poorly performing locations are in the western half of the region and the 

low station density around the western half is the major cause of this (see Figure 4-3). This 

outcome is expected as PLUM was originally designed for EEW in Japan which has a higher 

station density than New Zealand. 

The results suggested the 30 km warning radius setting is not suitable for the NZ context given 

the density of GeoNet strong motion sensor stations. This suggests that expanding the radius 

to 40 km or 50 km would lead to significant improvements in the performance compared to 
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the 30 km setting. The gains become marginal when extending the radius from 50 km to 60 

km. However, a higher warning radius also gets more false and precautionary alerts. Again, 

this outcome is expected, as the PLUM algorithm assumes undamped seismic motion, which 

is a reasonable assumption for a 30 km radius but becomes less accurate at larger distances. 

According to the overall measures for the entire region as shown in Table 4-6, using a 50 km 

warning radius results in fairly good performance: when a strong shaking event occurs within 

the region, there is a 74% probability of a location receiving a correct timely alert rather than 

a missed or late alert and when an alert is received at a location, there is less than a 5% chance 

that the alert is a false alarm. On the other hand, the fraction of alerts that are precautionary 

alerts is always greater than 80% for all 30 to 60 km warning radius settings. 

However, to better reflect the risk of possible injury and damage, it is necessary to take the 

population into account, and Section 4.3.2 presents the results taking the population of each 

grid cell in the region into consideration. The population-based performance analysis 

presented in Section 4.3.2 indicates that the PLUM EEW algorithm performs well in the high 

population areas of the Canterbury region. The main reason for that is the high station density 

around the high population areas including Christchurch City. Overall, for the 50 km warning 

radius scenario, the normalised correct timely alert value improves from 74% to 94% when 

the population is taken into account as shown in Table 4-8, and the false alert fraction reduces 

to 0.4%. However, the precautionary alert ratio is still high, which requires further discussion.  

Researchers have shown that repeated false or precautionary alerts can lead to a 

phenomenon known as "alert fatigue," or “warning fatigue” where people start to ignore 

warnings because they experience them too often without significant consequences (Kolb & 

Conitzer, 2020; Mackie, 2014). While these studies are from other fields and not directly 

related to EEW, the concept of warning fatigue remains relevant. A high fraction of 

precautionary alerts is therefore of concern. However, according to the synthetic catalogue 

data used in this analysis, the Canterbury region can expect approximately 10 large 

earthquakes over a 100-year period. This translates to about one EEW alert every 10 years. 

Even during more active periods, the region is unlikely to receive more than 10 alerts per 

decade, averaging around one per year. Because of this low frequency, alert fatigue seems 

unlikely, and people probably would not ignore the alerts, even if many of them turn out to 

be precautionary alerts. 
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Nonetheless, if there are many aftershocks after a large event, the higher frequency of 

precautionary alerts may cause problems; Becker et al. (2020a) mentioned that people might 

start ignoring warnings during an aftershock sequence if they receive too many alerts. 

Therefore, how to deal with a precautionary alert during an aftershock sequence to avoid 

alert fatigue needs further research. Changing the alert threshold to a higher value during an 

aftershock sequence may be a solution to avoid alert fatigue in this particular situation. 

In practice, PLUM would generate more precautionary and false alerts than in the analysis 

presented here, because real earthquakes include many smaller events that still exceed 

trigger thresholds. In operational mode, the thresholds used for detection and confirmation 

stations should be adjusted to filter out some of those false activations from small events. 

Thus, any operational PLUM EEW system must account for a higher rate of small-event 

activations when forecasting false-alert fractions. 

Another possible cause of alert fatigue was mentioned by Vinnell et al. (2023) who state that 

setting the alert threshold too low can cause people to ignore frequent warnings and lead to 

warning fatigue. However, the threshold used in this study is MMI V, which is higher than the 

thresholds of some other EEW systems such as the US Shake Alert or the threshold used in 

the West Coast of US testing of PLUM (Cochran et al., 2022).  

According to Figure 4-18 of Section 4.3.1, expected mean warning times from the alerts are 

always positive for Christchurch City and surrounding grid locations (at best, 22 seconds with 

a 60 km warning radius) although some locations in the rural western part of the region have 

mostly late alerts, with a negative expected mean warning times (at worst -8 seconds with a 

60 km warning radius). According to Figure 4-19 and Table 4-7, the mean warning time of 

correct timely alerts over the whole region for the 50 km warning radius is 9 seconds. When 

weighted by population, Figure 4-26 and Table 4-9 show that the highly populated areas 

always get positive warning times (i.e., timely alerts) and that the mean warning time rises by 

about 2 seconds, (11 seconds in the 50 km case). Therefore, the PLUM algorithm could 

provide many effective alerts with sufficient warning time to take immediate actions. 

However, the warning times are not uniform, and the distributions show that for some of the 

correct timely alerts, the warning time may be only a few seconds, which may not allow 

people to take effective preventative actions. 
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Results presented in Sections 4.3.1 and 4.3.2 assumed an ideal scenario where the EEW 

system operates without any interruptions. However, infrastructure could fail during an 

earthquake which may impact the system's performance. Section 4.3.3 presented results for 

PLUM in two sensor network failure scenarios. The first scenario examines the impact of 

losing data from 33% of the stations, which could simulate the failure of one network provider 

or random sensor outages. The analysis shows that the overall system performance is 

minimally affected, even with a 33% station loss. The expected fraction of correct timely alerts 

for the region decreases by only 5% for the 50 km radius case (from 74% to 69%, as shown 

in   
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Table 4-10) and warning times decreased by less than 1 second (see Table 4-13) For the 

population-weighted results, the correct timely alert ratio reduction is even smaller—just 3% 

with the 50 km radius (from 94% to 91%, according to Table 4-12). This suggests that the 

PLUM algorithm could work effectively even with the random station outages in the 

Canterbury region without significantly affecting the performance. 

The second failure scenario involves removing sensors within a band 30 km to 60 km from 

Christchurch City. The results show that this didn't badly affect performance, especially for 

the 50 and 60 km warning radii, with the reduction in the overall correct timely alert ratios 

for the region (as shown in Table 4-14) being less than in the 33% station removal case. 

However, the population-weighted results for the region are more affected than in the 33% 

station removal scenario, as the highly populated areas are impacted by the removal of that 

band of sensors. The warning time wasn't significantly affected by this sensor removal, similar 

to the 33% station removal scenario. This analysis indicates that PLUM could work well in the 

Canterbury region even under reasonably significant failure scenarios. The primary reason is 

the very high density of sensor stations around the high population area of Christchurch, 

which provides sufficient redundancy to cope with even substantial failures.  

However, catastrophic failures that could take down the entire communication network or 

remove all stations within the warning radius of Christchurch City would probably cause a 

failure of PLUM because no stations would be available to issue a warning based on the PLUM 

architecture.  

Limitations of the analysis: 

This analysis used a synthetic earthquake catalogue, which is developed based on the active 

fault database of New Zealand. However, it does not take unknown/blind faults into account. 

Therefore, the results could not represent consequences of unknown faults such as the Port 

Hills Fault which caused the highly damaging Christchurch earthquake. The Port Hills Fault is 

a hidden fault buried under sediments with no visible signs on the surface (Even the rupture 

of the Port Hills Fault never reached the surface for the Christchurch earthquake). Because 

this fault was so close to the city, it would have been impossible for PLUM to have provided 

timely warnings to the high population centre. Therefore, the results of the analysis are 

optimistic as the analysis did not consider any faults near or under Christchurch City. Future 
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work should consider synthetic catalogues that include earthquakes due to unknown and 

blind faults as well as mapped faults.  

The PLUM confirmation strategy used in the analysis of the Canterbury region required the 

confirmation station to be within a certain distance from the target grid location (80 km from 

the grid location in the analysis). This meant that stations further away from the grid location 

could not provide the confirmation even if they were close to the detection station. For some 

earthquakes, this strategy could introduce an unnecessary delay in the alerting process. 

To address that limitation, the algorithm could use an alternative confirmation strategy that 

requires the confirmation station to be within a certain distance from the detection station, 

rather than from the grid location. A preliminary analysis using this strategy indicated that 

there is no major difference in the performance of the two strategies for the Canterbury 

region, so the full analysis was not repeated using the second confirmation strategy. Chapter 

5 will show that this was not the case for the Wellington region, where the first confirmation 

strategy was unable to provide confirmation for alerts coming from the South Island sensors 

since there were so few sensors in the South Island that were close enough to Wellington. 

Therefore, the Wellington region analysis uses the second confirmation strategy addressing 

that limitation in this analysis.  

Site class assumptions  

The site classes of the grid locations used in this analysis were chosen to be the vs30 site class 

of the location of the centre of the grid cell. This choice was based on the pattern of the Japan 

EEW system that has observation stations installed at the target region (i.e., grid cells). If the 

VS30 site class varies considerably across the grid cell, choosing the VS30 site class of the 

centre of the grid cell may be unrealistic. For the Canterbury region, the VS30 site classes 

were reasonably uniform across the grid cells, especially near the high population centre, so 

the assumption is reasonable. For the Wellington region, there is greater variation in the VS30 

site classes so that simply choosing the site class at the centre of the grid cell would be 

unreasonable. Chapter 5 therefore uses a more complex method to define the site classes for 

the grid cells. 
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Further discussion of points that need consideration of both Wellington and Canterbury 

regions are presented in Chapter 6. 
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Chapter 5  Evaluating PLUM on the 

Wellington Region 

5.1 Introduction  

The Greater Wellington region was the second region selected to evaluate the PLUM 

algorithm. The region is a significant earthquake-prone area in New Zealand, and it covers 

both low and highly populated areas. After Auckland and Christchurch, the Wellington 

metropolitan area (including Wellington City, Lower Hutt, Porirua and Upper Hutt) is the third 

most populated in the country, and Wellington City is the capital of New Zealand.  

This region is vulnerable to earthquakes due to its proximity to several major geological 

features, including the Hikurangi subduction zone, the Wellington fault, and the Wairarapa 

fault. The Hikurangi subduction zone is where the Pacific Plate is being forced beneath the 

Australian Plate. This zone extends from the east coast of the North Island to the North end 

of the South Island, including the Wellington region in its Southern Hikurangi Margin. 

Earthquakes in this subduction zone can produce some of the largest and most destructive 

seismic events. The Wellington fault is a major active fault running through the city of 

Wellington. The Wairarapa fault lies east of Wellington and caused an 8.2 magnitude 

earthquake in 1855. In addition, the Cook Strait region, which separates the North and South 

Islands of New Zealand, is also an area of significant seismic activity, which could affect the 

Wellington region. For instance, the 2013 M 6.5 Cook Strait earthquake occurred in this area, 

followed by the 2013 M 6.6 Lake Grassmere earthquake just south of the Cook Strait. The 

Kaikōura earthquake, which happened in 2016 in the northern part of the South Island with 

a magnitude of 7.8, also impacted Wellington, causing damage to the infrastructure and 

buildings (Cubrinovski et al.,2020). 

Therefore, the Wellington region is an important region to test the PLUM EEW. As there are 

offshore seismic activities (both in the Southern Hikurangi Margin and Cook Strait, it will be 

useful to evaluate how PLUM EEW will work using only onshore sensors. Japan has both 

onshore and offshore sensors (Dhakal et al., 2017), yet NZ does not have an offshore sensor 

network that can provide live continuous seismic data. 
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The analysis of the Wellington region in this chapter presents several significant differences 

compared to the Canterbury region analysis discussed in Chapter 4. First, Wellington features 

more complex geology and geography, with a broader variety of site classes. This complexity 

makes selecting appropriate site classes for the grid cells more challenging. Additionally, 

Wellington has large active faults located much closer to the population centres, which could 

potentially reduce the warning time provided by an Earthquake Early Warning (EEW) system 

and increase the potential damage. The proximity of population centres to the ocean in two 

directions further complicates the situation by reducing the number of sensors between some 

major faults and the population centre, thereby making it more difficult for the PLUM method 

to provide an effective warning. 

The PLUM analysis for the Wellington region follows a similar methodology to that used for 

the Canterbury region, with some modifications in how site classes are determined, and how 

confirmation messages are generated. These changes to the method are described in Section 

5.2. The results are presented in Section 5.3, and the discussion is in Section 5.4. 

5.2 Methodology  

5.2.1 Region of interest 

The region of interest was selected by considering the boundary of the base map of the official 

Greater Wellington Region (Greater Wellington Regional Council, 2024). The main reason for 

selecting this area was to cover the Wellington metropolitan area, as well as regional centres 

like Kāpiti and Masterton, along with the lower-density areas of the southern, western and 

eastern Wairarapa to ensure a broad coverage of both urban and rural regions. The study 

included stations that could either provide an alert or confirm alerts from other stations, with 

coverage extending up to 250 km from the centre of the region. 

Figure 5-1 shows the selected region which is divided into 0.1° x 0.1° grid cells. The region 

includes a total of 109 grid cells (indicated by red dots) all of which are at least partially 

covered by land. Those grid cells were considered as the receiving locations of the alerts, and 

midpoints of the same grids were used to simulate ground motion.  
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It was assumed that the ground motion throughout each grid cell is similar to that at its 

midpoint, that every location within a grid cell receives the same alert, and that the 0.1° x 0.1° 

grid cell boundary serves as the geofencing for the alert. Geofencing refers to the use of 

virtual geographic boundaries, defined by coordinates, to trigger specific actions, such as 

sending an alert when a mobile device is in that specific area. Note that, in the actual 

implementation the geofencing for the alerts would be different. If the alerts were distributed 

via the cellular network, the geofencing would be the areas covered by each cell in the cellular 

network (typically have a hexagonal shape in cellular networks). If different communication 

technologies were used to disseminate the alert messages, the geofencing would be different 

again. Since the final alert broadcasting is not within the scope of this thesis, this analysis 

assumes the 0.1° x 0.1° grid cell as the geofencing boundary.  

Figure 5-2 shows the locations of all the GeoNet strong motion sensor stations that could 

possibly issue or confirm alerts to the selected region, given a warning radius of up to 70 km 

and a confirmation radius of 80 km. Synthetic seismograms are generated for all the grid 

points in Figure 5-1 and all the sensor stations in Figure 5-2.  
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Figure 5-1 The selected Wellington region with 0.1° x 0.1° grid. Selected region is the area 
inside the red rectangle and covers the Greater Wellington region. Grid cells containing red 
dots are the locations where alerts are received. Significant population centres are labeled in 
black. Note that some stations for issuing and confirming alerts are outside the red region; see 
Figure 5-2 for station locations. 
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Figure 5-2 Wellington region with sensors. Red rectangle shows region containing all the grid 
locations at which the PLUM algorithm is to be evaluated. Black triangles indicate all the 
GeoNet permanent strong motion sensors that could possibly issue or confirm alerts to the 
central region. 

5.2.2 Site classification 

The site classification of the 109 grid locations is required for the ground motion simulations. 

The VS30 site classification model (Perrin et al., 2015) is used to define the site classification 

for the grid locations. The resolution of the VS30 site classification model is 0.01° x 0.01° and, 

therefore, it is necessary to work out the site class for each of the 109 grid locations from the 

one hundred VS30 site classes within each grid cell. For Canterbury, the site class was 

generally close to uniform across each grid cell, hence taking a VS30 value next to the centre 

of the grid cell was appropriate. The greater complexity of the geography in Wellington means 

that determining site classes for the grid points is more complicated. Particularly around the 

densely populated Wellington metropolitan area, there is considerable variation in the site 

class across each grid cell and simply choosing the VS30 site classification of a point next to 
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the centre of the cell is not appropriate. Consequently, several different schemes were 

considered. One scheme computes the average of the VS30 data values across the grid cell; 

nevertheless, since the damage is most likely to be where the population is focused, this 

scheme may underestimate the shaking. Therefore, computing a population-weighted 

average of the VS30 data values across the grid cell was considered to be the most 

appropriate for evaluating the EEW system.  

Figure 5-3 presents the VS30 site classification values across the Wellington region, measured 

in meters per second (m/s). VS30 refers to the average shear-wave velocity within the top 30 

meters of the Earth's surface. Areas marked in white to yellow colours correspond to lower 

VS30 values, indicating softer soils with shear-wave velocities typically below 500 m/s. Those 

locations with lower VS30 values are more susceptible to seismic wave amplification. 

Locations marked in orange are composed of stiffer soils or a mix of soft soil and rock, which 

has moderate amplification of seismic waves. Red to dark red indicates the highest VS30 

values, typically found in areas with very stiff soil or bedrock and they are least prone to 

seismic wave amplification. 

The population of the region is shown in Figure 5-4 with a grid resolution of 0.01°x0.01° (the 

same as the VS30 data). The map clearly illustrates a dense population concentration in and 

around Wellington City, extending into the western and northern suburbs of the city. Lower 

Hutt and Upper Hutt also have significant population densities, particularly around areas 

closer to the harbour. Further north, the Kāpiti Coast, covering towns such as Paraparaumu 

and Waikanae also show substantial population clusters. Additionally, the Wairarapa region 

in the east, including Masterton and Carterton, exhibits noticeable population pockets. Both 

the Kāpiti Coast and Wairarapa clusters are less dense compared to the urban centres closer 

to Wellington. The two grid cells covering most of Wellington City (the grid cell at coordinates 

(-41.25, 174.75) and the one below it) are the two most densely populated grid cells in the 

region.  
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Figure 5-3 VS30 site classification values across the Wellington region. Values shown for each 

0.01° 0.01° data cell (plotted using the model of Perrin et al., 2015). 
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Figure 5-4 Distribution of population in Greater Wellington region. Small squares show the 
population in each 0.01°x0.01° data cell. Grey areas indicate zero population. The larger 
squares show the grid cells of the region. (Source of population data: WorldPop., 2020). 

Figure 5-3 and Figure 5-4 show that there are considerable variations in population and VS30 

site classes across some grid cells in the region, particularly in the grid cells with high 

populations in Wellington City and the Hutt Valley (Lower Hutt and Upper Hutt). Therefore, 

to compute an appropriate site class for each grid location, each VS30 value in a grid cell is 

weighted by the population of the corresponding 0.01° x0.01° data cell to determine the 

population-weighted VS30 value for the grid cell, VS30g (Note that offshore points are 

automatically excluded because the population values are 0) as shown in Equation 5-1. 

 𝑉𝑆30𝑔 =  
∑ (𝑝𝑜𝑝𝑠𝑔×𝑉𝑆30𝑠𝑔)𝑠𝑔  

∑ (𝑝𝑜𝑝𝑠𝑔)𝑠𝑔
 (5-1) 

where g is a grid cell, and sg ranges over all 0.01°x0.01° data cells inside g. 
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From this population-weighted average VS30g value, the site class of the grid cell is 

determined according to the following criteria (NEHRP, 2023), as in Section 4.2.2 of Chapter 

4. 

VS30g > 1500 m/s → Class A (Hard Rock):  

1500 ≥ VS30g > 760 m/s  → Class B (Firm to Hard Rock)  

760 ≥ VS30g > 360 m/s  → Class C (Dense Soil and Soft Rock):  

360 ≥ VS30g ≥ 180 m/s  → Class D (Stiff Soil):  

180 > VS30g >0 → Class E (Soft Soil):  

Figure 5-5 illustrates the site classes of all the grid locations, computed using both the 

population-weighted scheme (red letters) and the unweighted scheme (blue letters). The 

difference between the two schemes is clear, particularly in the grid cells in Wellington City 

and Hutt Valley. The population-weighted site classes are used for the ground motion 

simulation. 

 

Figure 5-5 Computed grid location site classes: Red = population-weighted VS30 mean; Blue = 
unweighted VS30 mean. 



 

168 
 

The station site classes were obtained from the station site classifications provided by Kaiser 

et al. (2017b) and Wotherspoon et al. (2024). However, for sensors installed in buildings or 

locations with limited access, or newly installed stations, the site class information is 

unavailable in either dataset. In such cases, the closest VS30 site class is used. 

5.2.3 Selection of sub-catalogues from the main catalogue. 

As in the approach used for Canterbury, one hundred 100-year sub-catalogues were obtained 

from the RSQSim synthetic earthquake catalogue and used to analyse the PLUM algorithm for 

the Wellington region (The 100-year periods were the same as the ones used for the 

Canterbury analysis in order to facilitate comparison between the results). Out of the 3715 

earthquakes (magnitude greater than 6) that occurred in New Zealand over those 10,000 

years, 1306 earthquakes which could affect the Wellington region were selected. All 1306 

earthquakes are shown in Figure 5-6 and the earthquakes from one 100-year period are 

indicated in red colour circles. 

1272 earthquakes were considered to be crustal events, and 34 to be Hikurangi subduction 

events. Hikurangi subduction earthquakes were identified by calculating the fault plane 

geometry of all M7.5+ earthquakes. It was assumed that Hikurangi faults had a fixed strike 

angle of 210°, and a dip angle of 10°; Wells and Coppersmith's equations (as shown in 

Equations 5.2 and 5.3) were used to calculate the fault length and width (these equations are 

the same as Equation 4.2 in Chap 4).  

  Fault length (km) =   e(−2.42 + 0.58M)   (5.2) 

 Fault width (km)  =   e(−1.61 + 0.41M)  (5.3) 

where  M is the magnitude. 

The fault’s top right corner was then calculated from the centroid of the fault and the fault 

length and width. Any of these earthquakes whose fault’s top right corner was offshore from 

the east coast were assumed to be Hikurangi subduction earthquakes and were simulated 

accordingly, under the assumption that they could all impact the Wellington region.  

All other earthquakes were assumed to be crustal earthquakes. Using the GMPE and the same 

criteria as specified in Section 4.2.3, 1272 crustal earthquakes that could affect the region 

were selected.  
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Figure 5-6 All 1306 earthquakes that could affect the Wellington region. The circles are the 
centroids (synthetic catalogue) of the earthquakes in the random 100 sets of the 100-year 
periods from the 220000-year catalogue, and the size of the circles represents the magnitude. 
The red circles are earthquakes from one selected 100-year period (#37). The red rectangle is 
the inner region containing the grid points where the performance of the EEW algorithm is 
evaluated.  
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Figure 5-7 Histogram showing distribution of number of earthquakes: each bar shows the 
number of periods that had a given number of earthquakes. 

5.2.4  Synthetic seismogram generation for the catalogue events 

The subduction and crustal earthquakes were simulated using EXSIM to generate synthetic 

seismograms following the same methodology described in Section 4.2.4 of Chapter 4. Most 

of the earthquake simulation parameters are the same as in the Canterbury experiments, 

however, the Q-model, which represents the attenuation of seismic waves, uses parameters 

specified for the Wellington region (Holden et al.,2013; Carey et al., 2022).  

5.2.5 PLUM algorithm 

Initial simulation in the Wellington region showed that the PLUM algorithm had difficulty 

providing correct timely alerts to Wellington City because of the distance from the sensors 

towards the south and west, which were located on the South Island. The initial theory was 

that this might be caused by the confirmation strategy used in the PLUM experiments for the 

Canterbury region, where the confirmation for an alert signal was received by the grid point 

from a second station within the confirmation radius of the grid point. Many of the South 

Island sensor stations were too far from Wellington to provide confirmation. The confirmation 

strategy was therefore modified to require the alerting station to receive a confirmation signal 

from a sensor station within the confirmation radius of the alerting station, rather than the 

grid point. This strategy also provides confirmation that an alert is not due to noise or error 
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at the alerting station, but uses a different set of stations to provide the confirmation. 

Although the description of the confirmation strategy for the Southern California region 

(Cochran et al., 2019; Kilb et al., 2021) is a little ambiguous, the revised strategy seems to be 

more in line with the Southern California strategy. 

The PLUM algorithm with confirmation from the confirming station to the alerting station is 

as follows (refer to Figure 5-8). 

PLUM algorithm with confirmation to alerting station  

• When a station detects shaking (PGA at τl or above), it issues a confirmation 

message to all stations within the confirmation radius. 

• When a station detects strong shaking (PGA at τh or above), then 

• If the station has already received a confirmation message (within the 

confirmation window), it will immediately issue an alert to all points within the 

warning radius. 

• Else, it waits, and if it receives a confirmation message before the end of the 

confirmation window, it will then issue an alert to all points within the warning 

radius. 

• Else, if it does not receive a confirmation message within the confirmation 

window, it will abandon the alert. 

 

 

 

Figure 5-8 PLUM algorithm with confirmation from confirming station to alerting station. 
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Just as in Chapter 4, it is simpler (and more efficient) for the simulation of the PLUM algorithm 

to “invert” the algorithm above, focusing on the grid points, rather than on the sensor stations 

that issue the alerts. The algorithm used for this simulation of PLUM was as follows: 
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PLUM Algorithm with confirmation to alerting station, for analysis  

Parameters: 

- τh (strong shaking detection threshold)  

- τl (weak shaking detection threshold)  

- warning radius   

- confirmation radius  

- comm-time [communication latency] 

Output: 

- outcome and warning-time for each grid point for each earthquake. 

Algorithm: 

For each grid point,  

compute list of stations within warning radius of grid point 

For each station 

compute list of nearby stations within confirmation radius of station 

For each earthquake 

For each station 

ws-time[station] = first time when pga >= τl    (infinity if no such time) 

ss-time[station] = first time when pga >= τh    (infinity if no such time)  

 

[Determine time confirmation or alert is issued (infinity if no alert issued)] 

Initialise conf-time = infinity,  alert-time[station] = infinity. 

for each other station in list of stations nearby to station 

conf-time = min(conf-time, ws-time[other station]) 

alert-time[station] = max(ss-time[station], conf-time) 

For each grid point 

ws-time[grid-pt] = first time when pga >= τl (infinity if no such time) 

ss-time[grid-pt] = first time when pga >= τh (infinity if no such time)  

alert-time = infinity 

For each station on list of stations within warning radius of grid point 

alert-time = min(alert-time, alert-time[station])  

 

[Determine outcome of event at grid point:] 

If  ss-time[grid point] < infinity then   [ie, strong shaking at grid point] 

If  alert-time = infinity then 

outcome = MA 

Else If alert-time +2s  < ss-time[grid point] then 

outcome = CTA 

warning-time = ss-time– alert-time-2s 
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Else 
outcome = LA 

warning-time = ss-time– alert-time-2s 

Else If ws-time [grid point] < infinity  then [only weak shaking at grid]  

If alert-time < infinity then 

outcome = PA 

Else                                                  [ie no noticeable shaking at grid point] 
If alert-time < infinity then 

outcome = FA  

Else 
outcome = none 

 

Very few of the stations on the upper South Island closest to Wellington City were within the 

60 km maximum warning distance used in the Canterbury experiment. This could limit the 

possible alerts for Wellington City, and therefore, the experiments for the Wellington region 

expanded the range of warning radii up to 70 km. Note that the “undamped” assumption 

underlying the PLUM algorithm is questionable at larger warning radius, so that extending the 

warning radius further would require a modification to the PLUM algorithm so that it no 

longer depended on the assumption of PLUM undamped propagation within the warning 

radius.  

5.2.6 Performance Indicators 

The performance indicators for the Wellington region, including the population-weighted 

measures, are the same as those used for the Canterbury region, as described in Sections 

4.2.6 and 4.2.7. 

5.3 Results  

5.3.1 Results for the Wellington region by location. 

The PLUM algorithm described in Section 5.2.5 was evaluated on each 100-year period, 

applying it to each selected earthquake of that period, and for a range of different warning 

radii. Because of the distance between Wellington City and the stations at the North end of 

the South Island, we explored a wider range of warning radii than for the Canterbury region: 
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30 km, 40 km, 50 km, 60 km, 70 km, 80 km, 90 km, 100 km and 150 km. The results were 

evaluated using the same performance measures as for the Canterbury analysis. However, 

the PLUM assumption of undamped propagation is clearly violated at the higher radii and the 

key CTAnorm,g performance indicator showed no change for radii above 70 km. Therefore, the 

analysis below only considers the results for warning radii from 30 km to 70 km.  

Grid Cell measures: CTAnorm, FAnorm, and PAnorm  

Figure 5-9 shows the expected CTAnorm,g performance, based on all 100 periods, using a PLUM 

radius of 30 km, 40 km, 50 km, 60 km, and 70 km. As in Chapter 4, the size of the squares 

represents the expected number of shaking events above the τh threshold for the grid cell 

and the colour of the squares indicates the fraction of correct timely alerts (CTAnorm,g) for 

those strong shaking events. Dark blue means 100% CTAnorm,g —the given grid point received 

correct timely alerts for 100% of the shaking events. Dark red means 0% CTA. Almost all grid 

cells of the selected region experienced some shaking above the threshold in at least some of 

the periods. However, most of the shaking (represented by larger squares) occurs in the 

coastal region because most of the site classes of those locations are defined as site class E 

(see Figure 5-5). The south and southeast regions, including Wellington City and Wairarapa, 

experienced more missed or late alerts as indicated by pink and red colour squares. The 

northwest region, including Porirua, Kāpiti, Lower Hutt, and Upper Hutt received more correct 

timely alerts as CTAnorm is higher than 50% for those locations, especially for the larger 

warning radii. The upper northeast corner of the region also received more CTA. In the 

Wellington City area, some locations received more CTA and some fewer. Especially, the 

southern part of Wellington City always receives less than 50% CTAnorm. The CTAnorm ratio is 

improved by increasing the warning radius. According to Figure 5-9, 70 km will be the best 

warning radius to obtain a high CTAnorm ratio. However, the population needs to be taken into 

account as some locations have high population and others have less, so the impact will be 

different according to the population. Section 5.3.2 presents the results taking the population 

of each grid cell into consideration. 
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 (b) CTAnorm,g: warning radius=30 km (b) CTAnorm,g: warning radius=40 km 

 
 (c) CTAnorm,g: warning radius=50 km (d) CTAnorm,g: warning radius=60 km 

  
 (e) CTAnorm,g: warning radius=70 km 

 
 

Figure 5-9 Expected values of 
CTAnorm,gTh=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km,  
(c) 50 km (d) 60 km, (e) 70 km. 
Size of squares shows expected number of 

shaking events above τh (small 

square=0.2, large square=2.1). 
Colour of squares shows CTAnorm,g, 
Blue = 100% CTA;  Red = 0% CTA. 
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Figure 5-10 shows the values of the expected FAnorm,g (the fraction of alerts that are false 

alerts) in each grid cell. The size of the squares represents the expected number of all alerts 

(CTA+MLA+PA+FA) received by each grid cell. For the 30 km and 40 km warning radii, the 

expected FAnorm,g is less than 50% for all the grid cells. However, when the radius increases 

to 50, 60 and 70 km the fraction of false alerts increases and for some locations, more than 

50% of the alerts are false alerts. This contrasts with the Canterbury region where FAnorm,g 

was below 50% for all locations and all warning radii.  

Figure 5-11 illustrates the percentage of precautionary alerts over all the alerts for the region 

for different warning radii. There is a high fraction of precautionary alerts in the Western part 

of the region for the low warning radii, but the PAnorm declines as the warning radius 

increases. However, comparison with Figure 5-9 and Figure 5-10 shows that the decrease in 

precautionary alerts is largely due to the increase in false alerts. 
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 (a) FAnorm,g: warning radius=30 km (b) FAnorm,g: warning radius=40 km 

 
 (c) FAnorm,g: warning radius=50 km (d) FAnorm,g: warning radius=60 km 

 
  (e) FAnorm,g: warning radius=70 km 

 

  

Figure 5-10 Expected values of FAnorm,g 
Th=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km,  
(c) 50 km (d) 60 km, (e) 70 km. 
Size of squares shows expected number of 
all alerts (small square=0.4, large 
square=4.4). Colour of squares shows 
FAnorm,g,  
Blue = 0% FA;  Red = 100% FA .
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 (a) PAnorm,g: warning radius=30 km (b) PAnorm,g: warning radius=40 km 

 
 (c) PAnorm,g: warning radius=50 km (d) PAnorm,g: warning radius=60 km 

 
  (e) PAnorm,g: warning radius=70 km 

  

Figure 5-11 Expected values of PAnorm,g 
Th=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km,  
(c) 50 km (d) 60 km, (e) 70 km. 
Size of squares shows expected number of 
all alerts (small square=0.4, large 
square=4.4). Colour of squares shows 
PAnorm,g, Blue = 0% PA;  Red = 100% PA. 
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Overall region measures 

Table 5-1 shows the expected counts of the different kinds of alerts across the whole region 

for a 100-year period and how they change with the warning radius. For the 30 km radius, the 

number of CTA and MLA alerts are very similar. Increasing the warning radius increases the 

CTA count slightly and decreases the MLA counts by the same amount. The total number of 

correct alerts (CTA+LA) increases slightly. The counts of both PA and FA increase with the 

warning radius, though the counts of FA increase much faster, consistent with the data shown 

in Figure 5-10 and Figure 5-11. 

Table 5-1 Expected number of each PLUM outcome across whole region for different warning 
radii. 
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30 km 27 21% 18 14% 7 5% 25 19% 45 34% 9 7% 131 
40 km 30 19% 17 11% 5 3% 22 14% 62 39% 24 15% 160 
50 km 32 16% 16 8% 4 2% 20 10% 75 38% 52 26% 199 
60 km 32 13% 16 7% 3 1% 19 8% 83 35% 87 36% 240 
70 km 33 11% 16 5% 3 1% 19 6% 92 31% 130 44% 293 
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Table 5-2 shows the expected CTAnorm, FAnorm and PAnorm across the entire region. The 

expected CTAnorm, improves with increasing warning radius. However, FAnorm gets much 

worse with increasing warning radius. PAnorm increases from 30 km to 40 km then decreases 

at higher radii. This is consistent with the grid-cell based measures shown in Figure 5-9, Figure 

5-10 and Figure 5-11. 

Compared to the Canterbury results (Table 4-6), the expected CTAnorm in the Wellington 

region is a little worse, but the expected FAnorm is about 8 times worse. 
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Table 5-2 Expected CTAnorm, FAnorm and PAnorm across the whole region for different warning 
radii. 

Warning radius Expected CTAnorm Expected FAnorm Expected PAnorm 

30 km 51.8% 8.8% 42.4% 
40 km 58.3% 17.6% 44.9% 
50 km 61.4% 28.9% 42.2% 
60 km 62.5% 39.3% 37.5% 
70 km 63.9% 47.5% 33.6% 

 

Warning time measures 

The expected warning time for each grid cell is illustrated in Figure 5-12. For warning radius 

of 30 km and 40 km, some locations have negative expected warning times (corresponding to 

many late alerts), especially in the eastern half of the region (Wairarapa) and the south coast, 

including the southern part of Wellington City. The largest warning times are northeast of 

Wellington City (including Lower and Upper Hutt) and in the far northeast corner of the 

region. 

For the 30 km scenario, the minimum warning time is –8.3 seconds (i.e., 8.3 seconds late) and 

the maximum is 24.5 seconds. For the 70 km scenario, almost all locations have a positive 

expected warning time. The minimum warning time also improves to –1.2 seconds and 

maximum warning time increases to 29.5 seconds. 

Figure 5-13 shows box plots of the distributions of the warning times of all correct timely 

alerts for the different warning radii. The median warning time is between 5 and 8 seconds 

for all cases. The warning time improves as the radius is increased from 30 km to 60 km, but 

there is no significant improvement at 70 km. 

Figure 5-14 illustrates the distribution of warning times of all correct alerts (CTA and LA) for 

the different warning radii. The median warning time is 1.7 seconds for the 30 km warning 

radius and improves to 3.5 seconds for the 70 km radius. 

Both sets of distributions have a long upper tail of long warning times. Table 5-3 presents the 

mean warning times including standard deviations. Unsurprisingly, the means are higher than 

the medians shown in Figure 5-13 and Figure 5-14. For example, for the 50 km scenario, the 

median of the correct timely alerts is 7.2 seconds, while the mean is 10.7 seconds.  
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 (a) WTCA,g: radius=30 km (b) WTCA,g: radius=40 km 
          min: –8.3s   max: 24.5s           min: –7.1s   max: 25.6s 

      
 (c) WTCA,g: radius=50 km (d) WTCA,g: radius=60 km 
          min: –2.3s   max: 27.4s           min: –1.5s   max: 29.5s 

 

  (e) WTCA,g: radius=70 km  
       min: –1.2s max: 29.5s 

Figure 5-12 Expected mean warning 
times for correct alerts (WTCA), for 
different warning radii (30 km, 40 km, 
50 km, 60 km).  
Size of square represents the expected 
number of correct alerts in the cell 
(small square=0.19, largest 
square=1.81). Colour of square 
represents the expected mean warning 
time: Yellow for a negative mean 
warning time (late); Blue for a positive 
mean warning time (timely).  
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Figure 5-13 Distribution of WTCTA: box plots of warning times of all correct timely alerts across 
region. Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median (red line), 
25th and 75th percentiles, and the outliers. The dotted lines show the 25th percentile, median, 
and 75th percentile of the 50 km warning radius for comparison with other warning radii. 

 

Figure 5-14 Distribution of WTCA: box plots of warning times of all correct alerts across region. 
Warning radii 30 km, 40 km, 50 km, 60 km. The box plots show the median (red line), 25th and 
75th percentiles, and the outliers. The dotted lines show the 25th percentile, median, and 75th 
percentile of the 50 km warning radius for comparison with other warning radii. 
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Table 5-3 Mean ± standard deviation of distributions of WTCTA and WTCA (warning time for 
timely alerts and for all correct alerts) for different warning radii. 

Warning Radius WTCTA (s) WTCA (s) 
30 km 8.8 ± 9.0 3.5 ± 9.7 
40 km 9.8 ± 9.7 4.8 ± 10.4 
50 km 10.7 ± 10.3 5.8 ± 11.0 
60 km 11.6 ± 11.1 6.5 ± 11.8 
70 km 12.0 ±11.6 6.9 ±12.2 

 

5.3.2 Results for the Wellington region by population. 

The results presented in Section 5.3.1 do not consider the population of each location. 

However, population is a critical parameter because it is much more important to get high 

CTA and low MLA, FA, and PA for the densely populated locations. Therefore, this section 

presents results considering the population of each grid location. 

Population-weighted grid cell measures 

Population-weighted CTAnorm,g is shown in Figure 5-15. The colour of the squares represents 

the value of CTAnorm,g, as in Figure 5-9, but the size of the squares is determined by the 

population multiplied by the expected number of strong shaking events, i.e., the expected 

number of person-events in the grid cell. Therefore, the diagram shows critical locations by 

the large squares, and the small squares (or circles when the area of the square would be less 

than 1% of the largest square) represent the cells with a lower number of person-events. 

Among the critical locations there are three grid locations (in Wellington City and Masterton) 

that expect correct timely alerts for less than 50% of their strong shaking events. Although 

the values of CTAnorm,g improve with increased warning radius, the most critical location 

(south Wellington City) still has less than 50% correct timely alerts with the 70 km warning 

radius. Large parts of the east of the region (Wairarapa) have poor performance, but the 

population is so low that this is not significant.  

Figure 5-16 and Figure 5-17 show the population-weighted FAnorm (fraction of alerts that are 

False Alerts) and the population-weighted PAnorm (fraction of alerts that are Precautionary 

Alerts). The size of the squares shows the expected total number of person-alerts—(the 

product of the population of the grid cell and the expected number of all alerts 
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(CTA+MLA+FA+PA) at that grid cell. It is clear from the figures that the fraction of False Alerts 

around Wellington City and its suburbs, including Porirua, Lower Hutt is quite high, especially 

for warning radii above 50 km. This is a contrast to the Canterbury results in Section 4.3.2, 

where the false alert rate was very low for the Christchurch metropolitan area. On the other 

hand, the precautionary alert rate around Wellington City is much lower (at most 70%) than 

around Christchurch City because many of the incorrect alerts are false alerts rather than 

merely precautionary alerts. 
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 (a) Pop weighted CTAnorm,g: radius=30 km (b) Pop weighted CTAnorm,g: radius=40 km 

 
 (c) Pop weighted CTAnorm,g: radius=50 km (d) Pop weighted CTAnorm,g: radius=60 km 

   
  (e) Pop weighted CTAnorm,g: radius=70 km 

  

Figure 5-15 Population-weighted 
expected values of CTAnorm,g 
Th=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km,  
(c) 50 km (d) 60 km, (e) 70 km. 
Size of square shows expected 
number of person-events: population 

 shaking events above τh (smallest 

square=1000, largest square=49841). 
Colour of squares shows CTAnorm,g, 
Blue = 100% CTA;  Red = 0% CTA. 
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 (a) Pop weighted FAnorm,g: radius=30 km (b) Pop weighted FAnorm,g: radius=40 km 

 

 (c) Pop weighted FAnorm,g: radius=50 km (d) Pop weighted FAnorm,g: radius=60 km 

 
  (e) Pop weighted FAnorm,g: radius=70 km  

Figure 5-16 Population-weighted 
expected values of FAnorm,g 
Th=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km, 
(c) 50 km (d) 60 km, (e) 70 km. 
Size of square shows expected number 

of person-alerts: population  expected 
all alerts at grid location (smallest 
square=1185, largest square=116296). 
Colour of squares shows FAnorm,g, 
Blue = 0% FA;  Red = 100% CTA. 
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 (a) Pop weighted PAnorm,g: radius=30 km (b) Pop weighted PAnorm,g: radius=40 km 

 
 (c) Pop weighted PAnorm,g: radius=50 km (d) Pop weighted PAnorm,g: radius=60 km 

 
  (e) Pop weighted PAnorm,g: radius=70 km 

  

Figure 5-17 Population-weighted 
expected values of PAnorm,g 
Th=0.42 m/s2, Tl=0.13 m/s2

.  
PLUM radius = (a) 30 km, (b) 40 km,  
(c) 50 km (d) 60 km, (e) 70 km. 
Size of squares shows expected number 

of person-alerts: population  expected 
alerts at grid location  (smallest 
square=1185, largest square=116296). 
Colour of squares shows PAnorm,g, 
Blue = 0% PA;  Red = 100% PA. 
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Population-weighted overall region measures 

Table 5-4 presents the population-weighted expected results for the entire region at the 

different warning radii, calculated using the Equations 4.16 to 4.18. Comparing Table 5-4 to   
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Table 5-2, it is clear that the population-weighted CTAnorm is better than the unweighted 

CTAnorm, indicating that PLUM is generating more correct timely alerts in the high population 

areas. The population-weighted PAnorm scores are higher than the unweighted PAnorm, but 

there is little difference in the FAnorm scores.  

The population-weighted CTAnorm improves with increasing warning radius, from 64.4% to 

73.5%, but the population-weighted FAnorm also increases with radius at a higher rate than 

the population-weighted CTAnorm. Therefore, it is not clear how to choose the warning radius 

for the best trade-off between CTAnorm and FAnorm. 

Table 5-4 Population-weighted CTAnorm, FAnorm, PAnorm for warning radii 30 km, 40 km, 50 km, 
60 km and 70 km.  

Warning 
radius  

Population-weighted 
CTAnorm 

Population-weighted 
FAnorm 

Population-weighted 
PAnorm 

30 km 64.4% 9.4% 56.4% 

40 km 67.9% 13.5% 56.5% 

50 km 69.6% 25.3% 51.2% 

60 km 69.7% 36.2% 44.5% 

70 km 72.5% 44.1% 41.5% 

 

Population-weighted warning time measures 

Figure 5-18 illustrates the population-weighted mean warning times for each grid location for 

different warning radii. The sizes of the squares represent the total number of person-alerts 

for each grid location. For the significant grid locations (the 10 largest squares), the mean 

warning time is between –1.3 seconds and 9.8 seconds for the 30 km warning radius. For the 

same locations, the mean warning time increases to between –0.5 seconds and 11.7 seconds 

for the 50 km radius. For 70 km all significant 10 locations have positive mean warning times, 

ranging from 1.8 to 12.7 seconds. However, the location with the second highest expected 

number of correct person-alerts (the south part of Wellington City) always has the lowest 

mean warning time of the 10 locations.  
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 (a) Pop weighted WTCAg: radius=30 km (b) Pop weighted WTCAg: radius=40 km 

      
 (c) Pop weighted WTCAg: radius=50 km (d) Pop weighted WTCAg: radius=60 km 

    

  (e) Pop weighted WTCAg: radius=70 km 

  

Figure 5-18 Population-weighted 
expected mean warning times (seconds) 
for all correct alerts, for warning radii 
(a) 30 km, (b) 40 km, (c) 50 km, (d) 60 km, 
(e) 70 km. Size of squares represents the 
expected number of correct person-alerts 
in the cell (smallest square=966, largest 
square=45687). Colour of squares 
represents the expected mean warning 
time:  yellow/orange for late alerts; blue 
for timely alerts. Squares of size less than 
1% of the largest square are shown as 
small circles. 
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Table 5-5 presents the population-weighted overall mean warning times for the entire region 

for all warning radii. The population-weighted expected mean warning times are always 

positive for all correct alerts, and which suggests that the majority of correct alerts received 

by the most critical locations are timely alerts. For the correct timely alerts, the warning time 

for the 30 km radius is 6.3 seconds which improves to 9.3 seconds for the 70 km radius. 

Table 5-5 Population-weighted mean warning times, for all correct alerts, and for correct 
timely alerts for warning radii 30 km, 40 km, 50 km, 60 km, and 70 km.  

Warning 
radius 

Population-weighted 
WTCTA (S) 

Population-weighted 
WTCA (S) 

30 km 6.3 ± 2.8 3.4 ± 3.6 

40 km 7.5 ± 3.2 4.4 ± 3.9 
50 km 8.3 ± 3.5 5.1 ± 3.8 
60 km 8.9 ± 4.0 5.6 ± 4.1 
70 km 9.3 ± 3.5 6.2 ± 3.5 

 

5.3.3 Analysis of alerts for south Wellington City from Cook Strait earthquakes. 

The results presented in Figure 5-15 of Section 5.3.2 indicate that high population grid cell in 

southern Wellington City cell (marked by the purple rectangle of Figure 5-19) experienced 

more missed or late alerts than correct timely alerts, even at the largest warning radius. This 

was the worst performing location in the region, and therefore we did further analysis to 

identify the cause. The hypocentres of all earthquakes that generated strong shaking for the 

grid cell are plotted in Figure 5-19. The red circles represent the hypocentres of all 

earthquakes that resulted in missing or late alerts to that grid location with a 30 km warning 

radius (Note, there was only one missed alert and many late alerts). The blue circles represent 

the earthquakes that resulted in correct timely alerts. Most of the earthquakes labelled red 

are located in the Cook Strait, which means there are no sensor stations that would be able 

to produce timely alerts to that grid cell. The few sensors on land do not detect strong shaking 

early enough to provide a timely alert to the grid location. Most of the earthquakes on the 

land or close to the South Island, where sensors are located, are able to provide correct, 

timely alerts to the grid location, as indicated by the blue circles on the land or close to the 

South Island. For the small number of earthquakes in the middle of Cook Strait for which 

timely alerts were generated, the fault was presumably long enough and oriented such that 
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shaking was able to reach one of the sensor stations in time. Even when correct timely alerts 

could be generated, the warning times were low: the largest warning time was 5.3 seconds, 

and 2/3 of the warning times were less than 2.5 seconds. 

 

Figure 5-19 Centroids of all earthquakes causing strong shaking in south Wellington City. The 
purple shaded cell shows south Wellington City. Red circles are for earthquakes that resulted 
in late or missing alerts (at 30 km warning radius). Blue circles are for earthquakes that 
resulted in correct timely alerts (at 30 km warning radius). Black triangles indicate GeoNet 
strong motion sensor station locations. 

5.4 Discussion  

According to the results presented in Section 5.3, almost all grid locations of the Greater 

Wellington region are expected to experience earthquake ground motion above the MMI V 

during a 100-year period. However, the data shows more shaking in some of the coastal 

regions. One reason is that those locations are defined as site class E sites, where the ground 

motion amplification is high. Note that there are likely to be other small locations with more 

strong shaking, but this study does not consider specific amplification effects of sites such as 

basin effects, but only considers VS30 site classes, which have a 0.01° resolution. 

The overall measures, both population-weighted (Table 5-5) and unweighted (Table 5-3), 

show that CTAnorm improves with increasing warning radius, up to 50 km, with much less 
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improvement at higher radii (There is an exception in the southern part of Wellington City 

and in Masterton, where CTAnorm continues to improve up to 70 km). This improvement is 

counterbalanced by the false alerts. The overall measures give a FAnorm of under 10% at 30 

km warning radius, but if the warning radius is increased, even to 40 km, the false alert rate 

rapidly rises to levels that would be unacceptable. It is difficult to identify a warning radius 

that consistently leads to a good trade-off between correct timely alerts and false alerts. It 

may be that different parts of the region would be best served by different warning radii. 

The false alert levels in the Wellington region, especially at higher warning radii, are 

significantly higher than the Christchurch region (as presented in Section 4.3). The underlying 

source of the increase in false alerts with increased warning radius is that PLUM’s undamped 

motion assumption, which works fairly well around the 30 km radius, clearly fails when the 

warning radius increases, especially by 60 km or 70 km. However, this does not explain the 

difference between the false alert rate results for the Wellington region and the Canterbury 

region. A possible explanation is the greater variation in site classes in the Wellington region. 

A station with a D or E site class may detect strong shaking and alert a nearby grid location 

that has a site class of only B or C and therefore may only detect much weaker shaking. This 

would require a more detailed analysis that must be left to later work.  

One part of the Wellington region that is expected to receive a high fraction of Correct Timely 

Alerts is the Kāpiti region, even at a warning radius of only 30 km or 40 km. Given the low 

density of sensor stations around Kāpiti, this may seem surprising. One reason for the higher 

CTAnorm is that there are very few earthquakes centred in Kāpiti itself, for which timely alerts 

would be impossible. The other reason is that there are a few key stations located between 

the Kāpiti region and the locations of the two main groupings of earthquakes to the north of 

Kāpiti and to the east in Wairarapa, and the location of these stations allows them to provide 

timely alerts to Kāpiti.  

The northern part of the Wellington metropolitan area (including the north of Wellington City, 

Porirua and the Hutt Valley) is also expected to receive a high fraction of correct timely alerts, 

even at a warning radius of only 30 km. Furthermore, the fraction of false alerts is also low at 

30 km. Given the high number of sensors in and around this area, the good performance is 

perhaps not surprising. This area covers over 60% of the population of the entire Wellington 

region.  
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For both the Kāpiti region and the northern part of the Wellington metropolitan area, the 

fraction of false alerts rapidly rises to problematic levels for higher warning radii and for both 

areas, the most appropriate choice of warning radius might be 30 km.  

Generally, the southern part of Wellington City (10% of the total population of the region) 

and the central Wairarapa region including the regional population centre of Masterton (4% 

of the total population of the region) had poor performance from the PLUM algorithm. In 

particular, they experienced more missed or late alerts than correct timely alerts for all 

warning radii and the warning times were low. The maximum warning time for a timely alert 

in the southern part of Wellington City was less than the median warning time for timely alerts 

across the whole region. An important reason is the relative locations of the earthquake 

events and the sensor stations around those regions. According to Figure 5-6, the catalogue 

contains many large earthquakes in Cook Strait, to the south of Wellington City. Section 5.3.3 

showed that those earthquakes were the main source of strong shaking events at the grid 

location in the southern part of Wellington City, and that most of those earthquakes resulted 

in late alerts rather than timely alerts. As shown in Figure 5-19, there are many stations in the 

Wellington metropolitan region, but very few stations along the south coast near Wellington 

City or at the south of Wairarapa. Therefore, there are no stations between the earthquakes 

in Cook Strait and the southern part of Wellington City that could provide timely warnings. 

Similarly, there are also no stations surrounding Masterton that could provide timely 

warnings for the earthquakes in central Wairarapa.  

The PLUM algorithm works well for Christchurch but not as well for Wellington City, especially 

for earthquakes in Cook Strait and the Hikurangi subduction zone. Increasing the warning 

radius might enable us to obtain alerts from the South Island and further Wairarapa sensors. 

However, just increasing the warning radius is not the best solution as it also increases the 

occurrence of false and precautionary alerts, and the more distant stations are still unable to 

provide timely alerts with sufficient warning time.  

The key problem is that there are no GeoNet stations in Cook Strait and an insufficient number 

in southern Wairarapa, which means the EEW system cannot effectively provide warnings for 

earthquakes in these areas, particularly along the Hikurangi subduction zone and Cook Strait. 

This lack of coverage is a significant issue because these regions have many earthquakes, and 
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without proper coverage, Wellington City, especially the southern part, will miss out on 

correct timely alerts for earthquakes from these sources. 

A better approach than increasing the warning radius would be placing a few more sensors in 

key areas instead of just expanding the warning radius. Additional stations placed along the 

southern coast would help provide timely alerts to Wellington City, but warning times may 

remain short since the stations would be so close to the population centre. Adding offshore 

sensors in Cook Strait would also be beneficial, but this is more challenging due to the strong 

currents, variable ocean conditions, and the depth and ruggedness of the seafloor (Stevens & 

Smith, 2009). Additionally, harsh weather, high winds, and waves further complicate sensor 

deployment and maintenance. Data transmission of real-time offshore sensors is also more 

complex as it involves underwater cables or wireless communication systems and 

communication under the water within the dynamic environment of Cook Strait. However, 

Japan has offshore seismic monitoring networks (Dhakal & Kunugi, 2021). Therefore, the 

feasibility and cost-benefit analysis to install offshore sensors should be conducted in a future 

study considering the EEW performance improvement for the possible installation locations. 

For the Masterton area, adding a few stations around Masterton (about 30 km from the city) 

would also greatly improve the warning performance for that area. 

With additional sensors in key locations, the PLUM algorithm would be able to provide 

reasonable EEW for the Wellington region.  
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Chapter 6  Conclusions and Future Work 

This chapter presents the key conclusions of our testing PLUM in the Canterbury and 

Wellington regions and provides recommendations based on the results. It also identifies 

some of the limitations of the current study and suggests areas of potential future work that 

build on the thesis. 

6.1 Discussion and recommendations 

Latency of the GeoNet sensor network 

The communication latency analysis of the GeoNet strong motion sensor network (Section 

3.1) showed that the current latency in the sensor network is around 4-5 seconds. However, 

the current network was designed for earthquake location detection in order to build 

catalogues rather than EEW. The analysis in this thesis considers that a 2 second latency, 

including communication delay, is feasible by changing the packetization technique of the 

data acquisition systems and enhancing the processing in the station to include pre-

processing such as PLUM threshold detection. The changes would reduce the number of data 

samples in each packet (sending more but smaller packets) and would require the stations to 

immediately send very small packets, just for EEW purposes, whenever the PGA went above 

critical thresholds. These modifications could be implemented without replacing the 

hardware to cater to the EEW requirements. We recommend that this kind of EEW specific 

modifications to the GeoNet sensor network should be considered in future EEW system 

design process, particularly if the PLUM algorithm is to be used. However, modifying data 

packetisation could reduce compression efficiency, increasing telemetry bandwidth 

requirements and costs. Therefore, this should be done with careful consideration of trade-

offs to achieve the best efficiency within infrastructure limitations. 

Stubailo et al. (2020) highlight that high bandwidth is required during elevated shaking of 

large magnitude events, making packet compression less effective. To address this, it is 

important to consider either compressing techniques at the datalogger or reducing the 

amount of data sent to the server through local preprocessing. 
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Using a synthetic earthquake catalogue to evaluate an EEW system. 

The thesis provides an example of how to use a physics-based synthetic earthquake catalogue 

to evaluate the expected performance of an EEW algorithm on future possible seismic events. 

Evaluating an algorithm on a single earthquake event (e.g., an Alpine fault earthquake 

scenario) is problematic because the algorithm may work well for the one event but may not 

work well for other earthquakes and the results cannot be generalised to future earthquakes. 

Evaluating an algorithm on recorded data from actual earthquakes is better, but is limited 

because of the small amount of recorded data, especially of larger earthquakes. The thesis 

showed how to use the RNC2 RSQSim catalogue (Shaw et al., 2022) to determine the expected 

performance of an EEW algorithm on a range of different earthquake events that could affect 

the Canterbury and Wellington regions over the coming 100-year period (Chapters 4 and 5). 

This approach gives much more generalisable results than only using recorded data, and 

would be appropriate to use for evaluating other EEW algorithms. 

There were some limitations in the use of the catalogue for this analysis. Most importantly, 

the catalogue did not include any events due to blind unmapped faults, for example, the blind 

fault under Christchurch City, which caused the very damaging Christchurch earthquake. We 

used the first stable and published version of the synthetic earthquake catalogue, as the more 

recent developments in the catalogue were being conducted in parallel to the research in this 

thesis. Future research should use the latest, updated version of the catalogue, which will 

address some of the limitations of the first catalogue. If the catalogue does not include events 

due to blind/unknown/unmapped faults, it would be important to add some appropriately 

generated random events that could at least somewhat account for events due to such faults 

(e.g., through a distributed seismicity model; Gerstenberger et al, 2024). 

Simulating ground motion of synthetic earthquakes with EXSIM 

The EXSIM validation analysis, which was performed using both generated data and recorded 

data of Darfield earthquake (Section 3.3), showed that the EXSIM ground motion simulator is 

an appropriate tool to generate ground motions for this kind of research. This is important 

for two reasons. First, we need to test EEW algorithms on simulated earthquakes in order to 

provide a large enough set of test data. Second, evaluating an EEW algorithm requires 

earthquake ground shaking data for many locations where there is no recorded data from 
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actual earthquakes, so that even if the evaluation uses historical data, there will still be a need 

to use a ground motion simulator to evaluate an EEW algorithm effectively. 

There are some significant limitations to EXSIM. The first is that it only generates ground-

motion of S-waves, and does not simulate P-waves. The limitation is not a major problem for 

the PLUM algorithm since PLUM is designed to use S-waves. However, some other EEW 

algorithms, such as EPIC (Chung et al., 2019) also depend on P-waves. Evaluating such 

algorithms would require a different simulator such as SPECFEM3D (Komatitsch & Tromp, 

1999; Peter et al., 2011). SPECFEM3D uses a spectral element method and is much more 

computationally expensive than EXSIM. Furthermore, PLUM depends on detecting strong 

shaking, and the P-waves of large earthquakes could generate strong shaking that PLUM could 

use to provide earlier warnings. Using a simulator other than EXSIM would be required to 

evaluate this. Moreover, EXSIM utilizes a 1D attenuation and geological model, which limits 

its ability to handle complex, geologically diverse regions like the Taupō volcanic zone.  

PLUM Results 

PLUM performed well for the Canterbury region, particularly for the high population regions 

around Christchurch City (Chapter 4). In the high population areas around Christchurch City, 

it provided timely alerts for at least 94% of the strong shaking events and generated a very 

small fraction of false alarms (see Figure 4-17 and Table 4-6). Mean warning time of correct 

alerts for the centre of Christchurch City is above 11 seconds for all warning radii. The 

performance was not as good in the western part of the region, with a higher fraction of 

missed or late alerts, and lower warning times, particularly at the minimum warning radius of 

30 km. Across the region, increasing the warning radius improved the fraction of timely alerts, 

but also increased the false alert numbers. A 50 km warning radius appeared to give a good 

trade-off of timely alerts vs false alerts. 

PLUM did not work as well for the Wellington region, although it still performed reasonably 

well for certain areas, especially the northern part of the Wellington metropolitan area, Kāpiti, 

and the northeast corner of the region (Chapter 5). It performed particularly poorly for the 

southern part of Wellington City and for most of the Wairarapa, including Masterton. Overall, 

the fraction of timely alerts for strong shaking events was a bit lower than in Canterbury, with 

lower warning times, and the false alarm rate was very much higher than in Canterbury. As in 
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Canterbury, increasing the warning radius improves the fraction of timely alerts, but even at 

70 km, much of the Wairarapa had correct timely alerts for less than 50% of the strong shaking 

events. Furthermore, the fraction of false alerts increased rapidly as the warning radius 

expanded. It is more difficult to identify a warning radius giving a good trade-off between 

timely alerts and false alerts. 

It is clear that the sensor locations and density are crucial to the performance of the PLUM 

algorithm. To provide a warning to a specific location for an earthquake, PLUM requires a 

sensor that is closer to the earthquake than to the location and close enough to the location 

to issue a warning. The areas with good performance, particularly Christchurch, had a 

reasonable number of sensors around the areas, positioned between the areas and the 

locations of most of the earthquakes. The areas with poor performance did not have sufficient 

sensors around them. Notably, the southern part of Wellington City, which has a high 

population (10% of the population of the entire Wellington region), experienced particularly 

poor performance with a very low fraction of correct timely alerts (always less than 50% 

CTAnorm, see Figure 5-15). Almost all of the earthquakes that caused strong shaking in 

Wellington City were located in Cook Strait (see Figure 5-19), and there are no sensors located 

between them and the southern part of Wellington City, so it was not possible for PLUM  to 

provide timely warnings (see Section 5.3.3). Other areas with poor performance, such as the 

western half of the Canterbury and the Wairarapa, also had a very low density of stations. 

The most important recommendation for implementing a useful EEW system is to increase 

the number of sensors in these critical areas. The analysis in Section 3.4.2 presented an 

effective method for determining good locations for additional sensors, which used EEW 

performance to govern the search for the best sensor locations. This method would be useful 

for western Canterbury and the Wairarapa. Adding sensors to provide effective warnings to 

Wellington City would be more challenging. The first step would be to install strong motion 

sensors in existing GeoNet stations in South Wairarapa and south of Wainuiomata. The 

second step would be to install new sensor stations along the South Coast of Wellington and 

Wairarapa. These could provide timely alerts for many of the Cook Strait earthquakes, but the 

warning times would be short. Note that timely alerts with very short warning times may not 

be very useful for warning the general public but may still be useful for site-specific EEW that 

allow automated actions for industrial or other large sites, for example, to shut down 
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equipment, or turn off water, electricity and gas. A more effective, though more expensive, 

step would be to install sensors such as ocean bottom seismometers in Cook Strait itself. 

There are a variety of recent technologies for this which may become feasible, for example 

using undersea SMART fiber optic cables (Wallace, 2021) or Distributed Acoustic Sensing 

(DAS) using existing fiber optic cables (Farghal et al., 2022). Another potential low-cost 

solution to consider is deploying buoys/ floats (Sukhovich et al., 2015) in Cook Strait to detect 

P-waves This approach could serve as an alternative to installing ocean bottom seismometers 

and may also be effective in triggering the PLUM algorithm for large earthquakes. 

In both Canterbury and Wellington, the fraction of precautionary alerts (where an alert is 

received, but only weak shaking occurs) is high. A high frequency of precautionary alerts has 

the potential of leading to “alert fatigue” where people begin ignoring warnings if they receive 

too many alerts that are not followed by a dangerous event (Becker et al., 2020a; Vinnell et 

al., 2023). However, the frequency of alerts (on average, less than 1 every 5 years) is not high 

enough to lead to alert fatigue, though it could be a problem during an aftershock sequence 

of a large earthquake. Changing the alert threshold to a higher value during an aftershock 

sequence may be a solution to avoid alert fatigue in this particular situation. Alternatively, the 

system could allow users to set parameters specifying which alerts they wanted to receive. 

Section 4.2.7 and 4.2.8 introduce performance metrics we used to assess PLUM in Canterbury 

and Wellington. These metrics provide insights into the effectiveness of PLUM which can 

inform stakeholders such as the National Emergency Management Agency (NEMA) and the 

Natural Hazards Commission (NHC). They would need to consider factors such as the 

acceptable percentages of false and precautionary alerts, as well as the required accuracy and 

threshold levels for the alerts.  

While the current study focuses on magnitude 6 and above earthquakes, an operational 

PLUM EEW system would face many smaller events that could possibly exceed trigger 

thresholds. These smaller events can also contribute to higher precautionary and false alert 

rates. Real-world deployments will need to raise detection and confirmation thresholds to 

filter out low-impact events. Tuning these parameters is needed for balancing timely warnings 

against alert fatigue and for maintaining acceptable false-alert fractions. 
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A limitation of the analysis is that each grid cell was assigned a single site class, even when 

there were a range of site classes across the grid cell. A consequence is that the analysis may 

have underestimated the shaking that would be experienced in some parts of a grid cell. For 

example, the 2016 Kaikōura Earthquake caused building damage in some parts of Wellington 

City that are site class E (Orense et al., 2017) though the shaking in other parts of the city was 

not as strong. The analysis assumed that grid cells covering Wellington City were site class C, 

and therefore would not have considered that those cells were needed for an alert for the 

Kaikōura Earthquake. Possible future work that could address this limitation is discussed in 

Section 6.2.  

Limitations of PLUM 

While the PLUM algorithm worked well in Christchurch and showed potential in parts of 

Wellington, there are several inherent limitations to be considered. 

One major limitation is that PLUM can only give warnings up to a certain maximum time, 

which is controlled by the warning radius setting. This radius sets how far from the shaking 

the system will send alerts. Even if shaking is detected early, PLUM won’t send an alert to 

areas outside that set radius. As a result, the maximum possible warning time is limited by 

the chosen radius, regardless of earthquake magnitude or event characteristics. 

In comparison, some early warning algorithms that try to estimate the earthquake source can 

sometimes give much longer warnings, especially for large and distant earthquakes. This 

limitation is linked to the trade-off discussed earlier in Sections 4.4 and 5.4—increasing the 

warning radius improves the likelihood of issuing timely alerts but simultaneously increases 

the risk of precautionary or false alerts, especially in areas with low sensor density. 

Another limitation is how PLUM detects an earthquake. It needs a certain number of stations 

to detect and confirm it—usually two stations are enough to trigger an alert. This makes PLUM 

fast and useful in places where there aren’t many sensors. However, PLUM uses higher 

ground motion thresholds than some other algorithms, especially those based on P-waves. 

These other methods can sometimes detect earthquakes a bit earlier. Because PLUM waits 

for stronger shaking, it might miss the very first signs of an event, which could lead to a slightly 

delayed alert, especially for locations distant from the source.  
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PLUM is based on the key assumption that PGA does not attenuate as seismic waveforms 

propagate. This allows the algorithm to remain simple by not requiring the identification of 

the earthquake source. But shaking usually weakens over distance, and this assumption starts 

to break down, especially when larger warning radii are used. That means PLUM’s accuracy 

drops as the warning radius increases. PLUM also does not handle variations like source 

directivity, which can cause shaking to be stronger in certain directions, or regional geological 

variations. 

Overall, while PLUM offers simplicity, speed, and reasonable robustness—especially in areas 

with good sensor coverage—it is important to consider the algorithm’s limitations. These 

limitations need to be considered when planning or reviewing how PLUM is used in 

operational EEW systems. Future work should look into combining PLUM with other EEW 

approaches, improving how local site effects are handled, and using better ground motion 

models to address some of these challenges. 

PLUM site corrections  

In our analysis, site corrections were added only to the synthetic seismogram data, not to the 

PLUM predictions, and we follow a similar approach to that used on the US West Coast by 

Cochran et al. (2019). We cannot do site corrections like Japan does (Iwakiri et al., 2011; 

Kodera et al., 2018) because we do not have the site correction data for the PLUM algorithm 

that they have to estimate site effects at each target location based on observation sites. 

Applying site corrections in public EEW systems is also challenging because of high 

uncertainties. It is difficult to define accurate corrections for all target sites. So, in this study, 

EEW alerts are issued without considering target site corrections, assuming uniform site 

conditions across all locations (however, we consider the site class of each station and grid 

location while evaluating the performance, as we incorporate site classes while generating 

synthetic seismograms). Site-specific corrections could be useful if we are alerting a single 

place, like a building or a factory. But for public EEW, using a common ground model is more 

practical. 

Cochran et al. (2019) tested PLUM on the US West Coast and did not apply site corrections to 

the observed or predicted intensity values. They reported that site corrections had only a 
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small impact on the results—less than 15% change. They also mentioned that VS30-based site 

corrections only do a moderate job because they represent the average response and cannot 

capture outlier amplification at some sites. However, future work could look into better ways 

to include site corrections to improve EEW accuracy. 

Failure scenarios  

Sections 4.2.9 and 4.3.3 explored the consequences of sensor failure on the performance of 

the PLUM algorithm for Canterbury. The results showed that neither of the two different 

failure scenarios had a major impact on the performance of the PLUM algorithm. Losing 33% 

of all sensors caused only a 3% reduction in the fraction of correct timely alerts in the higher 

population areas of Christchurch City and only a small reduction in warning times. There was 

a little more impact from losing 33% of the sensors in western Canterbury where there is a 

low sensor density. Losing all the sensors in a band around Christchurch had a larger effect on 

Christchurch (up to 11% reduction) but the network was shown to be surprisingly robust 

against quite substantial sensor failure. Adding stations in areas of low sensor density would 

help increase the resilience of the network, as would ensuring that the components of the 

sensor and communication network are sufficiently independent that large scale concurrent 

failure of a large number of the sensors in an area is very unlikely. 

The results with a 33% station failure (representing disconnection of randomly chosen 

sensors) suggest that using different service providers is important for the robustness, but it 

is important that the stations should be distributed among the service providers in a way that 

avoids groups of all stations in one area being assigned to a single provider. Greater 

robustness could be achieved by maintaining communication redundancy through the use of 

more than one communication link/service provider for the same station location. 

6.2 Future work 

In addition to the suggestions above for mitigating the limitations, there are a number of 

directions for future work which could improve or build on the results of this thesis. 
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Defining the grid cells  

In this study, the regions were divided into 0.1°0.1° grid cells and we assumed that each grid 

cell would receive an alert separately. A problem with this approach is that the grid cells are 

not aligned with geographical features or with the location of the population, so that the 

simulation has to take averages of the site classes across the grid cell, and the alerts do not 

take into account where the people receiving the alerts are located. 

This grid size is finer than the 0.2°0.2° grid cells used in the US shake alert EEW system and 

the PLUM analysis on the US West Coast (Cochran et al, 2022) and therefore has to make less 

approximations than those systems. Japan's EEW is organized into 188 regions called seismic 

hazard blocks, with each prefecture containing approximately four on average (Fujinawa & 

Noda, 2013), which may enable more homogeneous cells. Minson et al. (2020) also analyse 

PLUM in California using an approach similar to Japan’s regional block approach. They 

considered boundaries of California counties, the National Weather Service forecast zones as 

well as using a 50 km grid based approach. 

However, a better approach than using arbitrary geographical boundaries would be to 

partition the region according to the alert dissemination technology, for example, using cell 

tower locations to define the grid cells (Cardone et al., 2014). This would mean that the 

performance scores would better reflect the more realistic real world conditions. If the alert 

dissemination technology was also able to use GPS data from mobile devices to target alerts 

even more finely (McBride et al, 2023), then utilising an even finer grid size might be 

achievable.  

The VS30 site classification model used a 0.01°0.01° grid. In the Wellington region in 

particular, there was considerable variation in the VS30 site classes across many of the 

0.1°0.1° grid cells. It would be possible to use the finer 0.01°0.01° grid for the PLUM analysis 

and obtain much more accurate measures of EEW performance. Note that this would require 

simulating the ground motion at 100 times more grid locations, which would increase the 

analysis time considerably. 
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Modifying the PLUM algorithm 

PLUM was originally designed to have a warning radius of 30 km since this is compatible with 

the undamped propagation assumption that underlies the design of PLUM. The density of 

sensor stations in Japan is high enough that this is a reasonable warning radius. For New 

Zealand, where the sensor density is much lower in some areas, it is necessary to increase the 

warning radius to enable PLUM to be able to issue warnings to most locations. The higher 

warning radius is also necessary to allow longer warning times. However, a larger warning 

radius starts to violate the undamped propagation assumption, and this is one reason for the 

high number of precautionary alerts and false alerts. The results of the analysis in the thesis 

suggested that a warning radius of at least 40 km to 50 km might be an appropriate 

compromise in the NZ context.  

To enable enough alerts to be issued and to improve the warning time for distant large 

earthquakes without increasing the precautionary and false alert rate, PLUM needs to be 

modified to take into account the attenuation in the propagation. A simple way of doing this 

is to require a higher shaking threshold at the alerting station when issuing a warning to a 

more distant location. An obvious future work would be to repeat the analysis of this thesis 

using multiple shaking thresholds and issuing alerts to more distant locations for the higher 

shaking events. Saunders et al. (2024) have very recently proposed an algorithm called APPLES 

(Attenuated ProPagation of Local Earthquake Shaking) for the US West Coast version of the 

PLUM that similarly relaxes the undamped propagation assumption of PLUM. 

Confirmation and noise mitigation strategies. 

The alert confirmation strategy used in the thesis requires verification from another station 

to ensure that detected shaking is valid rather than noise. Where the station density is low 

(as it is in many rural areas in NZ), there are few stations that can provide the verification, and 

their distance can delay an alert, and in some cases, the lack of stations may even prevent an 

alert from being issued. It is possible that this limitation could be reduced by incorporating 

one of the other verification strategies indicated in Kilb et al. (2021), for example, confirming 

an alert by a co-located velocity sensor or by another complementary type of sensor located 

in the same place. These strategies would remove the need for confirmation from another 

station in regions of low sensor density. Co-located sensors can help reduce instrumental 
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noise by allowing the system to confirm a signal from different instruments at the same site. 

However, they may increase processing time and add complexity to the system. Future work 

could explore whether this would significantly improve the performance of PLUM in the NZ 

context and possibly provide recommendations to GNS to co-locate complementary sensors 

in some existing sensor stations. 

The analysis in the thesis did not use any noise in the ground motion data. Future work would 

need to explore the performance of PLUM with the alert confirmation strategies when the 

ground motion data contains real noise. This might involve testing PLUM with real, continuous 

data, or adding realistic simulated noise to simulated ground motion data. The effect of 

multiple earthquakes, such as swarms or aftershock sequences, also needs to be considered. 

As an example, subduction zone earthquake could activate nearby crustal faults as well (Hicks 

& Rietbrock, 2015). The robustness of the PLUM algorithm should be tested under such 

complex scenarios.  

Using recorded data from small earthquakes 

The thesis used a catalogue of synthetic earthquakes to evaluate the PLUM algorithm because 

there is not sufficient historical data on earthquakes at magnitude 6 and above to provide a 

reasonable evaluation of an EEW algorithm. However, Petersen et al. (2015), mention that 

small earthquakes usually occur in areas where larger earthquakes are also likely to happen. 

Based on that assumption, it may be feasible to test PLUM on historical data of smaller 

earthquakes for which more recorded data is available. By setting appropriate lower 

thresholds for both detection and evaluation, the performance could be assessed and then 

could be generalised to understand how the algorithm might perform on larger earthquakes. 

Future work could look at using historical data of smaller earthquakes in this way to 

complement the analysis using synthetic earthquakes. 

Artificial neural networks (ANN) could also be explored as part of future work. So, we could 

train an ANN on station data, real or synthetic, and use it to detect shaking patterns and issue 

alerts—like a smarter version of PLUM. With AI and machine learning constantly improving, 

there is a lot of potential to make EEW faster and more accurate. One of the challenges will 

be obtaining enough high-quality data from real earthquake scenarios to validate the system, 

which is currently limited. 
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Quantify directivity impacts 

In the analysis of Chapter 4 and 5, the vertical-fault assumption affects shaking intensities 

very close to the fault by reducing hanging-wall amplification and increasing footwall shaking 

(Donahue & Abrahamson, 2014). Assuming bilateral rupture produces median estimates of 

ground motion without the extremes introduced by unilateral directivity pulses. However, for 

large events, fault geometry and rupture directivity can amplify motions in one direction; by 

using bilateral faults, these directivity effects are not simulated, so the simulations may 

underestimate peak motions on one side and overestimate them on the other. These effects 

will cancel out on average when considering statistical effects over many 100-year periods.  

Therefore, it will be interesting to explore the effect of directivity, as well as more variable 

fault dips in future work—this is especially relevant for faults likely prone to unilateral 

propagation (e.g., Alpine Fault unilateral vs. bilateral scenarios). 

Evaluate PLUM with earthquakes from small to large magnitudes and under varying 

threshold settings. 

The main Canterbury and Wellington studies only consider earthquakes of M 6.0 and above. 

However, a small event could also generate some alerts, including false and precautionary 

ones. Thus, testing PLUM across the full magnitude range and under different detection and 

confirmation thresholds would be useful. By adjusting these thresholds, we can filter out low-

impact events and fine-tune the balance between unnecessary alerts and timely warnings. 

Evaluating PLUM with earthquakes from small to large magnitudes and under varying 

threshold settings to properly assess these trade-offs would be an interesting future task. 

Extending PLUM to generate target-based alerts  

The PLUM algorithm used in this thesis detects strong ground motion at a sensor and issues 

early warnings to all target locations within the warning radius (e.g., within 30 km of the 

sensor). This approach ignores site-specific factors, assuming that all target locations within 

the warning radius will experience the same shaking intensity as the sensor. This means that 

some stations get false alerts or precautionary alerts, and other have missing alerts. 
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It would be better if the algorithm took into account site-specific factors of the target location 

in order to provide target-based alerts. For example, the relative site classes of the sensor and 

the target should be taken into account, so a sensor with site class C should detect shaking at 

a lower threshold when sending an alert to a target with site class E, but detect shaking at a 

higher threshold when sending an alert to a target with site class A. Site-specific information 

such as basin effects could also be used to target alerts more appropriately. Some locations 

with specific needs, such as industrial sites or power plants, might also need tailored alerts.  

Future work should extend the PLUM algorithm to detect shaking at sensor stations at a range 

of different thresholds, and then issue alerts to different target locations at different levels, 

taking into account the site-specific factors of the sensor and targets. Note that this could also 

be used to take attenuation into account, issuing alerts to more distant sites only at higher 

shaking thresholds and enabling longer warning times. 

Combining with complementary algorithms and EEW systems.  

Future work should consider how a GeoNet based PLUM EEW could be combined and 

integrated with other EEW algorithms and other systems. Two projects that ran concurrent 

with this thesis should certainly be considered in this way. Prasanna et al. (2022) proposes an 

EEW system using low-cost sensors such as Raspberry Shakes. That kind of low-cost sensor 

network could be useful to complement the GeoNet high-end network by filling the gaps 

where GeoNet sensor density is low. Integrating with low-cost sensor networks can improve 

station density, which helps with faster and more accurate event detection. But they may 

introduce more noise into the system due to lower sensor quality. However, with proper noise 

mitigation techniques or AI-based filtering, it may still be useful to include low-cost sensors in 

the network.  

Combining with the data of Google Android earthquake detection, which uses mobile phone 

accelerometers to detect shaking, would be another area to consider. However, limited 

information is available about that algorithm as it is a proprietary system. 

The FinDer algorithm (see Section 2.1.2), implemented by Andrews et al., (2024) is a useful 

tool for rapid responders and scientists to identify the characteristics of an earthquake. 

However, it can take minutes to detect and deliver the information about an earthquake. It 
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would be a useful complementary algorithm to detect and issue EEW for high magnitude and 

complex earthquake scenarios, as it could provide warning to larger distances than the PLUM 

limited warning radii. 

It is also very important that any EEW system for NZ, whether using PLUM or other algorithms, 

is integrated with the NZ tsunami warning system (Gusman et al., 2022; Lacoua et al., 2024). 

Future work could explore how that integration could be done. Additionally, the EEW system 

should not interfere with the "long or strong, get gone" tsunami self-evacuation procedure 

(Vinnell et al, 2022) of New Zealand. 

Network optimisation 

A critical aspect of any network-based EEW system is the rapid, reliable transmission of sensor 

data. Achieving this requires refining existing transmission practices and implementing 

methods to handle network disruptions during extreme events. One suggestion as a future 

work to reduce latency is to modify the packetization techniques within the data acquisition 

systems. Decreasing the number of samples per packet and introducing local processing to 

reduce network traffic could transmit the data much more quickly. In addition to that, future 

work could also address network resilience and failure mitigation.  

Some of the future work suggestions are: 

• Simulate network failures: Develop simulations to test how the network responds to 

packet loss, sudden latency spikes, sudden traffic during large events, and link failures, 

and design methods to transmit data efficiently during critical moments. 

• Network redundancy: Explore how to use redundant communication channels for 

EEW, if the primary network becomes congested or fails.  

• Detailed analysis of each latency component within the network. The total latency 

comprises several parts including: 

▪ Packetisation time: Currently the GeoNet network is designed for data 

recordings, this can be changed to support immediate transmission for EEW. 

▪ Transmission time on the communications network: This is a significant 

component of the data latency. Conducting real-time experiments will help in 

finding out the variations across different sensors and regions. 
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▪ Other network components: An analysis that breaks down other network 

components of EEW (server processing time, alert delivery time etc.)  will identify 

where further optimisations are possible. 

• Sensor and data logger variability: Evaluating how different sensor types and data 

loggers influence overall latency, including studies between rural and urban stations. 

• Communication link types: Assessing performance differences of various 

communication channels (cellular, satellite, dedicated radio links, etc.) 

• Packetisation strategies: Experimenting with dynamic packet sizing or dual-mode 

transmission strategies—one for regular monitoring and another for EEW. 

The continual advancements in communication technology also offer exciting possibilities. 

How to use emerging high-bandwidth, low-latency communication protocols for EEW will be 

an interesting future work. 
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